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ABSTRACT 
 
 
Integrating Technology, Curriculum, and Online Resources:  
A Multilevel Model Study of Impacts on Science Teachers and Students 
 
 
by 
 
 
Lei Ye, Doctor of Philosophy 
 
Utah State University, 2013 
 
 
Major Professor: Mimi Recker, Ph.D. 
Department: Instructional Technology and Learning Sciences 
 
 
This scale-up study investigated the impact of a teacher technology tool 
(Curriculum Customization Service, CCS), curriculum, and online resources on earth 
science teachers’ attitudes, beliefs, and practices and on students’ achievement and 
engagement with science learning. Participants included 73 teachers and over 2,000 
ninth-grade students within five public school districts in the western U.S.  
To assess the impact on teachers, changes between pre- and postsurveys were 
examined. Results suggest that the CCS tool appeared to significantly increase both 
teachers’ awareness of other earth science teachers’ practices and teachers’ frequency of 
using interactive resources in their lesson planning and classroom teaching. A standard 
multiple regression model was developed. In addition to “District,”  “Training condition” 
(whether or not teachers received CCS training) appeared to predict teachers’ attitudes, 
 iv 
beliefs, and practices. Teachers who received CCS training tended to have lower 
postsurvey scores than their peers who had no CCS training. Overall, usage of the CCS 
tool tended to be low, and there were differences among school districts.  
To assess the impact on students, changes were examined between pre- and 
postsurveys of (1) knowledge assessment and (2) students’ engagement with science 
learning. Students showed pre- to postsurvey improvements in knowledge assessment, 
with small to medium effect sizes. A nesting effect (students clustered within teachers) in 
the Earth’s Dynamic Geosphere (EDG) knowledge assessment was identified and 
addressed by fitting a two-level hierarchical linear model (HLM). In addition, significant 
school district differences existed for student post-knowledge assessment scores. On the 
student engagement questionnaire, students tended to be neutral or to slightly disagree 
that science learning was important in terms of using science in daily life, stimulating 
their thinking, discovering science concepts, and satisfying their own curiosity. Students 
did not appear to change their self-reported engagement level after the intervention. 
Additionally, three multiple regression models were developed. Factors from the district, 
teacher, and student levels were identified to predict student post-knowledge assessments 
and their engagement with science learning. The results provide information to both the 
research community and practitioners.  
(140 pages)
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PUBLIC ABSTRACT 
 
 
Integrating Technology, Curriculum, and Online Resources:  
A Multilevel Model Study of Impacts on Science Teachers and Students 
 
 
by 
 
 
Lei Ye, Doctor of Philosophy 
 
Utah State University, 2013 
 
 
Major Professor: Mimi Recker, Ph.D. 
Department: Instructional Technology and Learning Sciences 
 
 
This scale-up study investigated the impact of a teacher technology tool 
(Curriculum Customization Service, CCS), curriculum, and online resources on earth 
science teachers’ attitudes, beliefs, and practices and on students’ achievement and 
engagement with science learning. Participants included 73 teachers and over 2,000 ninth 
grade students within five public school districts in the western U.S.  
To assess the impact on teachers, changes between pre- and postsurveys were 
examined. Results suggest that the CCS tool appeared to significantly increase both 
teachers’ awareness of other earth science teachers’ practices and teachers’ frequency of 
using interactive resources in their lesson planning and classroom teaching. In addition to 
“District,” “Training condition” (whether or not teachers received CCS training) 
appeared to predict teachers’ attitudes, beliefs, and practices. Teachers who received the 
CCS training tended to have lower postsurveys score than their peers who had no CCS 
 vi 
training. Overall, usage of the CCS tool tended to be low, and there were differences 
among school districts.  
To assess the impact on students, changes were examined between pre- and 
postsurveys of (1) knowledge assessments and (2) students’ engagement with science 
learning.  Students showed pre- to postsurvey improvements in knowledge assessment, 
with small to medium effect sizes. In addition, significant school district differences were 
shown for student post-knowledge assessment scores. On the student engagement 
questionnaire, students tended to be neutral or to slightly disagree that science learning 
was important in terms of using science in daily life, stimulating their thinking, 
discovering science concepts, and satisfying their own curiosity. In addition, students did 
not appear to change their self-reported engagement level after the intervention. Factors 
from the district, teacher, and student levels were identified to predict students’ learning 
outcomes and their engagement with science learning.  
The results provide information to both the research community and practitioners. 
For example, district-level student-teacher ratios consistently and negatively predicted 
student engagement level, suggesting that policy makers should pursue lower student-
teacher ratios to effectively engage earth science learners. In addition, better learning 
outcomes may result when teachers either use the curriculum as a guide or use it 
autonomously.  
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GLOSSARY 
 
Akaike Information Criterion (AIC statistics) — a measure of relative goodness of fit of a 
statistical model. AIC offers a relative measure of the information lost when a given 
model is used to describe reality. When researchers select from a set of candidate 
models, the one with the minimum AIC value is preferred (Akaike, 1974). 
 
Bayesian Information Criterion (BIC statistics) — a posterior estimation of model fit 
based on comparing probabilities that each of the models under consideration is the 
true model that generates the observed data (Kuha, 2004).  
 
Curriculum Customization Service (CCS) — a free, web-based tool that was designed 
and developed to support K-12 science teachers in using digital library resources and 
other online resources, in customizing and implementing curricula, and in sharing their 
customized resources with other educators in the CCS community (Sumner & CCS 
Team, 2010). 
 
Digital Library for Earth System Education (DLESE) — a distributed community effort 
involving educators, students, and scientists working together to improve the quality, 
quantity, and efficiency of teaching and learning about the earth’s systems at all levels 
(http://www.dlese.org/about/index.php). 
 
Hierarchical Linear Modeling (HLM) — in social science, data are typically hierarchical. 
HLM uses statistical models of parameters that vary at more than one level. These 
models can be seen as generalizations of linear models, although they can also extend 
to nonlinear models. HLM is also called Multilevel Modeling (Raudenbush & Bryk, 
1986). 
 
Intraclass Correlation Coefficient (ICC) — in HLM of MLM, ICC represents the ratio of 
between-group variance to the total variance (Woltman, Feldstain, MacKay, & 
Rocchi, 2012). 
 
Multilevel Modeling (MLM) — in social science, data are typically multilevel. MLM uses 
statistical models of parameters that vary at more than one level. These models can be 
seen as generalizations of linear models, although they can also extend to nonlinear 
models. MLM is also called Hierarchical Linear Modeling (Bickel, 2007). 
 
National Science Digital Library (NSDL) — a digital library service providing high 
quality online educational resources for teaching and learning, with current emphasis 
on the science, technology, engineering, and mathematics (STEM) disciplines—both 
“formal and informal, institutional and individual, in local, state, national, and 
international educational settings” (http://nsdl.org/about/). 
 
 
CHAPTER I 
INTRODUCTION 
Problem Statement 
In the past decades, with growing access to the Internet and the vast number of 
educational resources available online, K-12 teachers have become more enthusiastic 
about using online resources in their lesson planning and classroom teaching (Barker, 
2009; Carlson & Reidy, 2004; Hanson & Carlson, 2005; Khoo, 2006; Madden, Ford, 
Miller, & Levy, 2005; Mardis, 2009; Perrault, 2007; Recker et al., 2005; Sumner & CCS 
Team, 2010; Tanni, Sormunen, & Syvänen, 2008). Meanwhile, much effort has been 
devoted to developing technology infrastructure, collecting curriculum resources, and 
conducting research to better understand how teachers use online resources and to 
support their needs in using such resources (Barker, 2009; Carlson & Reidy, 2004; Khoo, 
2006; Recker et al., 2005; Sumner & CCS Team, 2010). Among these efforts is the 
National Science Digital Library (NSDL) Curriculum Customization Service (CCS), a 
web-based tool that was designed to help teachers access online and digital library 
resources in order to plan their earth science lessons in ways that address individual 
student learning needs as well as state standards (Sumner & CCS Team, 2010). As 
described below, the CCS is studied as part of this dissertation research. 
Research has shown that teachers have positive attitudes toward using online 
resources and associated tools (Barker, 2009; Khoo, 2006; Recker et al., 2005; Sumner & 
CCS Team, 2010) and have demonstrated a variety of characteristics in seeking and using 
online resources in their instructional design and classroom teaching (Carlson & Reidy, 
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2004; Hanson & Carlson, 2005; Khoo, 2006; Recker et al., 2005; Sumner & CCS Team, 
2010; Tanni et al., 2008). For example, results from the CCS pilot study suggested that 
the CCS offered a useful approach for embedding digital library resources into K-12 
science classroom teaching and had a positive impact on teachers (Sumner & CCS Team, 
2010). 
However, few studies have examined how such tools can impact both teachers 
and students at a larger scale. Although researchers have explored the relationships 
between student science performance and various factors across students, teachers, and 
schools, some of the variables are very context dependent and hard to compare across 
studies. In addition, sometimes the findings for common variables are contradictory. For 
example, Lawrenz, Wood, Kirchhoff, Kim, and Eisenkraft (2009) reported that male 
students tended to have higher test scores than female students, while Fogleman, 
McNeill, and Krajcik (2011) suggested that female students had significantly higher 
gains. Therefore, how gender may associate with students’ learning achievement still 
remains unclear. 
Thus, additional replication studies are needed to determine which factors matter 
to teachers and students when a technology-oriented tool is integrated into instruction. 
This dissertation study (part of a larger-scale research project) uses advanced statistical 
techniques such as hierarchical linear modeling (HLM; Raudenbush and Bryk, 1986) to 
model the relationships among the CCS intervention, school district characteristics, 
teacher practice, and student learning outcomes in order to help identify key factors in a 
successful CCS implementation. In particular, this dissertation examines the impact of 
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CCS use on teachers’ attitudes, beliefs, and practices, as well as their students’ learning 
outcomes and engagement with science learning. Additionally, this study addresses the 
practical issues that arose during the modeling process and documents the data 
considerations and major decision-making steps. 
Research Purpose and Questions 
This dissertation study replicates the CCS pilot study at a larger scale and 
investigates the impact of CCS implementation on science teachers and students. Specific 
objectives are to: 
1. examine the impact of CCS usage on teachers’ attitudes, beliefs, and practice; 
and 
2. examine the impact of teachers’ CCS usage on their students’ achievement and 
engagement with science learning. 
The following research questions are addressed: 
1. What is the impact of CCS usage on teachers’ attitudes, beliefs, and practices? 
What deployment site or teacher characteristics may predict such impact? 
2. What is the impact of teachers’ CCS usage on their students’ learning 
outcomes and their engagement with learning earth science? What factors may 
predict such impact? 
Dissertation Outline 
This dissertation is structured as follows: Chapter II reviews the literature in terms 
of various characteristics of teachers’ online resource use; the previous CCS study; 
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multiple factors across student, teacher, and school levels that may impact secondary 
science education; and methodological issues of applying multilevel modeling 
(MLM)/HLM to educational research. Chapter III describes the research methodology, 
including the technology context: the CCS, the study design and timeline, the 
characteristics of the analyzed sample, CCS professional development, data sources, 
instruments, the data collection process, and data analysis methods. Chapter IV presents 
the results regarding CCS’s impact on teachers, student knowledge, and student 
engagement with science learning. Chapter V provides a summary and answers to the 
research questions raised above. The contributions and implications of this research are 
also discussed in Chapter V. The chapter concludes with a discussion of the research 
limitations and suggestions for further studies. 
 	  
5 
CHAPTER II 
 
REVIEW OF LITERATURE 
Four areas of literature were searched and reviewed to comprehensively 
understand the existing findings and lay the foundation for the dissertation work: 
characteristics of teachers’ online resource use, previous CCS studies, critical factors that 
can impact student learning in secondary science education, and methodological issues in 
educational studies using multilevel modeling. 
 
Characteristics of Teachers’ Online Resource Use 
 A variety of characteristics of how teachers seek and use online resources are 
identified and discussed below. 
 
Teachers Had Positive Attitudes Toward Using 
Digital Library Resources and Tools 
 
 Two digital library services, the National Science Digital Library (NSDL) and the 
Digital Library for Earth System Education (DLESE), were designed to “develop a broad 
array of collections and services to serve diverse constituencies of users, from research 
scientists to educators to students, at all educational levels, in both formal and informal 
settings” (Sumner & Marlino, 2004, p. 171). Khoo (2006) conducted an NSDL user 
survey and reported that participants praised the NSDL for its “easy access, convenience, 
usability, and varied content” (p. 1) and considered various interactive resources provided 
by the NSDL to be supportive of student comprehension and engagement. Additionally, 
most survey respondents said they would like to recommend the NSDL to their 
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colleagues. Similar findings were also reported by Recker et al. (2005), who noted that 
participants were very enthusiastic about the value of the NSDL, the quality of the 
discovered learning resources, and the value of the Instructional Architecture (IA)—the 
digital library tool participants used in the study. 
Barker (2009) conducted a three-phase study regarding science teachers’ use of 
online resources and DLESE. Results suggested that regardless of teaching experience or 
hardware access, over 95% of teachers rated the Internet as important and useful in terms 
of searching for instructional materials. Moreover, DLESE users preferred searching with 
DLESE over Google because the search was faster and provided better results. Teachers 
therefore appeared to have a positive attitude toward using online resources and benefited 
from using the digital library services. 
 
Teachers Used Online Resources for 
Multiple Purposes 
 
 Research shows that teachers used online resources to become familiar with 
content and gain background knowledge (Perrault, 2007; Sumner & CCS Team, 2010; 
Tanni et al., 2008). Teachers benefited from learning with online resources on their own 
as well as from learning from their online colleagues (Perrault, 2007). In the latter case, 
teachers formed an online professional learning community and supported each other 
(Sumner & CCS Team, 2010). 
Teachers also used online resources widely in designing instructional activities 
such as lesson and unit plans (Carlson & Reidy, 2004; Hanson & Carlson, 2005; Perrault, 
2007; Recker et al., 2005; Sumner & CCS Team, 2010; Tanni et al., 2008). When 
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planning, teachers used online resources to complement textbook materials with 
examples, simulations, and real-world data sets (Barker, 2009; Sumner & CCS Team, 
2010; Tanni et al., 2008). In addition, teachers tailored and customized online resources 
to meet their local needs (Recker et al., 2005; Sumner & CCS team, 2010) and preferred 
such customization (Barker, 2009). 
In terms of teachers’ use of online resources in their classroom teaching, the 
picture is not as clear. Carlson and Reidy (2004) suggested that a majority of teachers in 
their survey used online resources in their teaching less than 50% of the time. Recker et 
al. (2005) reported teachers used an average of 3.9 online resources in each teacher-
designed instructional project in the Instructional Architect. Note that neither of these 
results came from classroom observation and might not reflect actual classroom teaching. 
Therefore, more studies are needed to examine how teachers use online resources in their 
classrooms. 
 
Teachers Experienced Various Challenges 
in Seeking and Using Online Resources 
 
Some challenges in seeking and using online resources were due to characteristics 
of the teachers themselves, such as lack of skills in locating proper online resources 
(Madden et al., 2005; Sumner & Marlino, 2004), lack of time (Carlson & Reidy, 2004; 
Khoo, 2006; Perrault, 2007; Tanni et al., 2008) and lack of knowledge and experience to 
assess the quality of identified resources and integrate them into classroom teaching 
(Tanni et al., 2008). Some challenges were due to technical problems such as accessing 
the Internet or content blocking (Barker, 2009; Khoo, 2006). Additional challenges were 
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due to poor search results, including those with overwhelming variety and too wide a 
scope, those inappropriate for K-12 students, and those that failed to address the needs of 
multiple cultural and learning styles (Madden et al., 2005). 
 
Teachers Expressed Common Needs 
for Online Resources 
 
Surveys indicate that the most valued online resources were teaching materials 
(hands-on activities, visual aids, simulations, handouts), lesson plans, and activity ideas 
(Barker, 2009; Carlson & Reidy, 2004; Hanson & Carlson, 2005; Mardis, 2009). In terms 
of subject area, Mardis (2009) examined teacher search strings and reported that 
resources related to science and mathematics were searched the most, while those related 
to foreign language learning were searched the least. In terms of teacher-preferred 
characteristics of online resources, both Recker et al. (2005) and Barker (2009) suggested 
that U.S. teachers preferred to have online resources aligned with grade level as well as 
state and federal teaching standards. In addition, Barker (2009) noted that teachers also 
expressed a need for teacher-approved, highly customizable, and printable resources. 
 
Teachers Searched Multiple Channels 
When searching for online resources, teachers were most in favor of using search 
engines (e.g., Google, Yahoo), followed by their favorite educational websites, followed 
by web links (Carlson & Reidy, 2004; Hanson & Carlson, 2005; Tanni et al., 2008). 
Regarding the use of digital library services, Perrault (2007) identified the “underuse by 
teachers of educational online resources specifically designed to support teaching and 
learning activities (e.g., digital libraries, online periodical databases, and electronic 
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discussion lists)” (p. 10). In addition, Carlson and Reidy (2004) reported that online 
resources were not the main information source for teachers. Other sources included 
teacher professional development, colleagues, and printed materials. 
 
Teachers Varied in Search Skills 
Barker (2009) reported that the search skills of in-service teachers ranged widely. 
When using search engines, teachers with better search skills tended to add search terms 
(e.g., “lesson plan”) to narrow their search results. Moreover, Recker et al. (2005) 
analyzed the search terms used in the NSDL and found that most included only one 
keyword, and the advanced search function was rarely used.  
 
Impact on Classroom Practice 
Perrault (2007) suggested that compared to pre-Internet times, teachers may now 
access a broader selection and use a wider variety of resources. They also tend to design 
more dynamic and interactive learning activities and use the web to find answers to 
students’ questions. Recker et al. (2005) also reported that over three quarters of the 
responding teachers suggested online resources had changed the way they plan and teach. 
With online resources, they worked more efficiently, used real data sets, and taught with 
more engaging materials. In addition, students tended to be more engaged and motivated 
when learning with online resources (Barker, 2009; Carlson & Reidy, 2004; Sumner & 
CCS Team, 2010). However, little evidence was found supporting the idea that teachers’ 
use of online resources improved student achievement. 
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Previous CCS Study 
 
As the pilot study of this dissertation research, Sumner and CCS Team (2010) 
conducted an evaluation of the CCS as a one-semester intervention with middle and high 
school earth science teachers in Highlands Public School District in Colorado. 
Researchers collected CCS usage logs, semistructured interviews, and teacher survey 
data. Results from this small-scale study suggested that the CCS was integrated into 
teachers’ practices to a significant extent (an approximately 50% adoption rate), 
supported purposeful planning, and helped busy teachers integrate customization in their 
normal lesson planning as well as share the materials and customizations with other 
teachers (Sumner & CCS Team, 2010).  
 
Critical Factors That Can Impact Student Learning 
 in Secondary Science Education 
 
Multiple factors may influence and predict student learning in secondary science 
education. This section reviews studies that used multilevel modeling or hierarchical 
linear modeling to examine such impacts according to the education hierarchy (student, 
teacher, school). Note that none of the relevant research identified district-level factors. 
 
Search Strategies and Selection Criteria 
 
 To identify the MLM studies in the target area, multiple database and sources 
were examined using different combinations of “multilevel modeling,” “MLM,” 
“hierarchical linear model,” “HLM,” “education,” “student achievement,” “science 
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education,” “accountability,” and “school effectiveness” (see Table 1). Three review 
articles and over 200 MLM publications were found through the initial search. Since the 
review articles discussed MLM publications prior to 2003, the current review includes 
only articles published after 2004. Among these articles, 40 were related to STEM 
education and 25 were related to science education. In addition, 12 MLM technical 
articles were found through this search.  
The final inclusion criteria for the current review were: 1) the study applied 
MLM/HLM as the main data analysis method, 2) the content area of the study was 
science education, 3) the study involved both student- and teacher-level data, 4) student 
participants were in middle or high school (grades 6–12), and 5) the study was published 
in 2004 or after. Therefore, seven articles were selected as the review sample (see Table 
2). Although this review was intended to include articles published from 2004 to 2011, 
the range of the resulting articles was small (2009–2011). 
Table 1  
MLM/HLM Literature Search Strategies and Results 
Database/source Search Term Results 
Educational Full Text 
& Education 
Resources 
Information Center 
(ERIC) cross-search,  
Web of Science,  
ACM, 
Google Scholar 
Multilevel modeling + education,  
MLM + education, HLM + education, 
Hierarchical linear model + education, 
HLM + student achievement + science 
education + (teacher level) 
MLM + science education 
MLM + school effectiveness 
MLM + accountability 
HLM + school effectiveness 
HLM + accountability 
• 3 review articles (published 
in 1988, 2004, and 2009, 
aiming to review MLM 
articles published before 
2003) 
• Over 200 articles applied to 
MLM (published between 
2004 and 2011) 
• 12 MLM technical articles 
 
 
 	  
12 
Table 2  
MLM/HLM Articles Identified by Journal and Publication Year 
Journal No. of articles Publication Year 
American Educational Research Journal 1 2011 
Social Psychology of Education 1 2011 
Journal of Research in Science Teaching 3 2011/2010/2009 
International Journal of Science Education 1 2011 
Science Education 1 2010 
TOTAL 7  
 
Review Scheme 
The articles were reviewed with two focuses. The first was to discover how an 
MLM/HLM technique was applied and reported in the field of educational research. The 
review of MLM/HLM methods was guided by the review framework of Dedrick et al. 
(2009): (a) model development and specification; (b) data considerations; (c) estimation 
procedures; and (d) hypothesis testing and statistical inference. The second focus was to 
synthesize the predictors in these studies, their impact on student learning, and the way 
the results were reported following a hierarchical structure.  
Six of the seven studies were conducted in the U.S., and one was done in Canada. 
Five studies applied two-level models where students were nested within teachers (N = 4) 
or schools (N = 1). Two studies applied three-level models, including one using a growth 
curve (growth nested within individual students and teachers) and one using students 
nested within contexts. The amount of data varied widely, especially in the lower levels 
(see Table 3). For the lowest level, the number of units ranged from 366 to 13,985, while 
the number of units in the higher levels ranged from 19 to 1629.  
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Table 3 
 Descriptions of the MLM/HLM Studies 
Region / (N) Type of MLM (N) Level 1 (N) Level 2 (N)  Level 3 (N) 
2-level models (5) 
 
Student/teacher (4) 
Student/school (1) 
Student (366–
13985) 
Teacher (19–68) 
School (431) 
n/a US / 6 
Canada / 1 
3-level models (2) 
 
Growth/student/teacher 
(1) 
Student/teacher/school 
(1) 
Student (1550) 
 
Student repeated 
measures (4882) 
Teacher (53)  
 
Student (1629) 
School (19) 
 
Teacher (24) 
 
 
Student-level Factors 
Gender, ethnicity, home language, grade level, and pretest score were examined 
by multiple studies, and contradictory findings were reported. For example, the impact of 
gender on student science learning was found to be complicated. Lawrenz et al. (2009) 
reported that male students tended to have higher test scores than female students, while 
Fogleman et al. (2011) suggested that female students had significantly higher gains. 
Meanwhile, some studies (Areepattamannil, Freeman, & Klinger, 2011; Liu, Lee, & 
Linn, 2010; McNeill, Pimentel, & Strauss, 2011) found no statistically significant 
difference between male and female students. 
Lawrenz et al. (2009) and McNeill et al. (2011) investigated whether student 
ethnicity was significantly associated with science learning. Lawrenz et al. (2009) stated 
that, on average, White students had higher test scores than other ethnic groups. McNeill 
et al. (2011) provided a more detailed look at this issue and suggested that Black students 
tended to have significantly lower scores than White students on defining and identifying 
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the key science concepts in the curriculum. Meanwhile, when applying science concepts 
in the construction of scientific arguments and environmental action planning, students 
from Asia and the Pacific Islands tended to have significantly lower test scores. 
In terms of the influences of home language, Liu et al. (2010) concluded that 
speaking English at home was associated with higher science learning outcomes, while 
Lawrenz et al. (2009) found no difference among various home languages. Similar 
conflicting results were also found for grade level. Liu et al. (2010) suggested that high 
school students tended to have higher science achievement than middle school students. 
However, McNeill et al. (2011) did not find grade to be a significant student-level 
predictor. Blanchard et al. (2010) did find grade level to be a significant predictor and 
reported findings similar to those of Liu et al. (2010), but they specified grade as a 
school-level factor, which may have accounted for their result. 
The only consistent variable was pretest score. Lawrenz et al. (2009) and McNeill 
et al. (2011) stated that a higher pretest score was associated with higher learning 
outcomes. However, pretest score was treated as the covariate and is not the main interest 
for the current study. 
 
Teacher-level Factors 
Liu et al. (2010) and McNeill et al. (2011) examined the impact of teaching 
experience on secondary students’ science learning. However, neither study suggested 
that years of teaching experience significantly contributed to student learning. 
Meanwhile, Fogleman et al. (2011) reported that “teachers who had previously enacted 
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the reform based curriculum had larger student test gains than teachers who were using 
the curriculum for the first time” (p. 166). 
 
School-level Factors 
Two studies (Areepattamannil et al., 2011; Blanchard et al., 2010) examined 
school-level predictors. The only significant predictor was school-level socioeconomic 
status (SES). Blanchard et al. (2010) reported the substantial impact of school-level SES 
on student science learning as well as its interaction with teaching methods and grade 
level. In addition, Penuel, Gallagher, and Moorthy (2011) considered school as another 
cluster level and tested a three-level hierarchical linear model; however, they did not 
input any school-level predictors into the model. 
 
Methodological Issues in Educational Studies Using Multilevel Modeling 
 
Educational data sets often have nested data structure. For example, students are 
nested within teachers, teachers are nested within schools, and schools are nested within 
districts. To analyze these data sets, traditional modeling techniques such as the 
generalized linear model are not appropriate due to the violation of the independence 
assumption. Instead, multilevel modeling (MLM) or hierarchical linear modeling (HLM) 
is particularly suited to analyzing such data sets. MLM or HLM includes random higher-
level effects (such as teacher-level observations) in regression models to account for their 
influence on lower-level observations (such as students). 
Since the MLM/HLM technique was first published (Raudenbush & Bryk, 1986), 
researchers interested in secondary science education have adopted it as their data 
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analysis method because of the nested nature of their data. However, a literature review 
found that researchers varied widely in how they used and reported results from the 
MLM/HLM models, since there were no standard guidelines in the MLM/HLM 
literature. First, information reported was often insufficient; some studies did not report 
the null model (baseline model) and the Intraclass Correlation (ICC; Bickel, 2007), which 
determine whether there are significant variances across the higher-level units. Second, it 
was difficult to determine how researchers selected the predictors and whether the 
predictors were allowed to vary. Third, researchers tended to use their own symbols and 
formats in presenting MLM/HLM mathematical equations; some studies presented the 
equation for each level while others presented only a combined equation. Fourth, many 
critical issues did not receive adequate attention. For example, in only two instances was 
the statistical power calculated prior to the study.  
Finally, there are concerns about researchers’ interpretations of the results of the 
inferential test. A few studies used “almost significant” (e.g., Lawrenz et al., 2009, p. 
969) to interpret p values between .05 and .10. Although this term is often published in 
social studies research, it is technically not correct when the alpha level is preset at .05 
(Motulsky, 1995). Alternatively, it would be more helpful to report such p values, effect 
sizes, and the estimate of power in order to allow readers to judge the statistical or 
practical significance of the results and reach their own conclusions. 
A review of the methodological issues of the MLM/HLM applications in 
educational studies resonated with the comprehensive MLM review conducted by 
Dedrick et al. (2009) in many aspects. For example, they also expressed the concern that 
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details were often lacking “in the specification of the variance-covariance components, 
making it difficult to determine which coefficients were free to vary or covary, which 
coefficients were fixed, and what factors were considered in making specification 
decisions” (p. 94).  
 Although Dedrick et al. (2009) provided seven guidelines to improve the quality 
of reporting in MLM/HLM studies, researchers have not yet followed their suggestions. 
Similar concerns and problems still exist. Further efforts to standardize reporting, such as 
MLM/HLM publication guidelines in peer-reviewed journals, are needed.  
 
Summary 
 
 
In this chapter, I have reviewed four areas of literature. First described were the 
various characteristics of teachers’ online resource use, including their attitudes, 
experiences, needs, and challenges in searching and using digital library resources and 
associated tools. Next, the previous CCS study was reviewed to lay the foundation for 
this dissertation. In addition, multiple factors across student, teacher, and school levels 
that may impact secondary science education were examined. Finally, methodological 
issues of applying MLM/HLM to educational research were addressed. The literature 
review suggests that how digital library resources and associated tools may impact 
teachers and students at various scales still remains unclear, and this dissertation aims to 
add to the understanding of this topic. 
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CHAPTER III 
 
METHODOLOGY 
 
This chapter describes the technology context—the Curriculum Customization 
Service (CCS), study design, study timeline, characteristics of the analyzed sample, CCS 
professional development, data sources, instruments, data collection process, and data 
analysis methods. 
 
Technology Context: The Curriculum Customization Service 
 
 
The Curriculum Customization Service (CCS) is a free, web-based tool. It was 
designed and developed to support K-12 science teachers in using digital library 
resources and other online resources, in customizing and implementing curricula, and in 
sharing their customized resources with other educators in the CCS community (Sumner 
& CCS Team, 2010).  
Users (teachers) create individual user accounts to access and customize digital 
resources cataloged in the CCS’s “Interactive Resources” area. Resources are also 
aligned with state and national standards in the “Education Standards” area. The CCS 
allows teachers to add notes and tags to resources, as well as to save and retrieve the 
changes they make in the “My Stuff for this Concept” area. Additionally, teachers can 
share their customizations with other CCS users in the “Shared Stuff for this Concept” 
area. Therefore, the CCS can support a community of practice among science teachers. In 
Figure 1, a teacher first selected a digital library resource in the “Interactive Resources” 
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area and saved it by clicking the “save” button; the teacher can then add descriptions, tag 
the resource (the top blue arrow), and save it in the “My Stuff for this Concept” area. 
 
Figure 1. A teacher selected a digital library resource and saved it as a private resource. 
 
 
Methodology 
 
 
Study Design 
Seventy-three teachers and approximately 2,000 students in five public school 
districts in two midwestern U.S. states participated in the study during the 2011–2012 
school year. All teachers were encouraged to use the CCS in their earth science lesson 
planning during the school year, which allowed the impact of the intervention to be 
investigated in a natural environment. Table 4 summarizes the research questions, data 
sources, data analysis methods, and rationales. 
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Table 4 
Research Questions, Data Sources, Data Analysis, and Rationale 
Note. EDG=Earth’s Dynamic Geosphere. Both EDG and Astronomy were the content topics 
taught over the intervention year. 
Research 
Question 
Data Sources Data Analysis Rationale 
 
• teacher pre/post 
surveys 
• CCS usage log 
 
• descriptives 
• matched sample t 
test 
• effect size 
 
• examine pre/post 
changes in teacher’s 
attitudes and beliefs 
about customization and 
online resources, and 
CCS use  
• one group design 
• small sample size 
• identify time spent 
using CCS tool, types of 
interactions with CCS 
tool, number and type 
of resources viewed, 
saved, and/or shared 
 
1. What is the 
impact of 
CCS usage on 
teachers’ 
attitudes, 
beliefs, and 
practices? 
What 
deployment 
site or teacher 
characteristics 
may predict 
such impact? 
 
• teacher pre/post 
surveys 
• district 
demographics 
• teacher 
demographics 
 
• descriptives 
• teacher model 
(multiple 
regression) 
 
 
• identify significant 
factors associated with 
teachers’ attitudes and 
beliefs about 
customization and 
online resources, and 
CCS use 
 
• student pre/post 
knowledge 
assessments 
• student pre/post 
engagement 
surveys 
 
• descriptives 
• matched sample t 
test 
• effect size 
 
• examine pre/post 
changes in students’ 
knowledge assessments 
and engagement 
surveys  
• students clustered 
within teachers 
• large sample size 
 
2. What is the 
impact of 
teachers’ 
CCS usage on 
their students’ 
learning 
outcomes and 
their 
engagement 
with learning 
earth science? 
What factors 
may predict 
such impact? 
 
• student knowledge 
assessments 
• student engagement 
surveys 
• district 
demographics 
• teacher 
demographics 
• teacher presurveys 
• CCS usage logs 
 
• descriptives 
• student models 
(multiple regression 
models and HLM) 
 
 
• identify significant 
factors that may predict 
student learning 
(EDG/Astronomy) and 
engagement with 
science learning  
 	  
21 
 
The CCS tool training (professional development, or PD) was provided either 
through face-to-face or webinar workshops. Most participants (78%) received the training 
either in the summer of 2011 (see Table 14) or when participating in CCS studies in 
previous years. 
The primary outcome measures were students’ earth science achievement and 
engagement with science learning as measured by instruments designed by the research 
team. Additionally, online pre- and postsurveys were administered (described below) to 
assess CCS’s impact on teachers. 
 
Study Timeline 
This study was designed and conducted in several phases (see Table 5). From 
January to August 2011, the focus was mainly on obtaining Institutional Review Board 
(IRB) approval for all institutions, recruiting participants, designing and developing 
instruments, carrying out the pilot study, and providing professional training to teachers. 
From August 2011 to May 2012, the CCS was officially implemented to help teachers 
with lesson planning and classroom teaching. At the beginning of the intervention,  
 
Table 5 
Study Timeline 
Research Phase Main Research Activities Timeline 
Planning  & preparation IRB approval, designed and developed instruments, 
recruited participants, provided CCS tool training 
Jan. 2011– 
Aug. 2011 
Pilot study Piloted and refined measurements May 2011 
Implementation & data 
collection 
Collected district demographic data, teacher survey 
data, and student data 
Aug. 2011– 
May 2012 
Data analysis Cleaned and analyzed data Jun. 2012– Sep. 2012 
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teachers took the presurvey and students took the pre-knowledge assessment and 
engagement survey as baseline measurements. After the full year’s implementation,  
teachers took the postsurvey and collected the students’ post-knowledge assessment and 
engagement survey data. Data cleaning and analysis were conducted directly after the 
data were collected. 
All teachers from the five public school districts were invited, and 73 teachers 
agreed to participate in the study. To ensure sufficient student data would be collected to 
assess the impact, a priori power analysis for the matched sample t test was conducted to 
estimate the ideal sample size to identify the pre/post change for student knowledge 
learning and their engagement with science learning. Based on the various effect sizes, 
alpha level (.05), and power (.80), sample sizes were calculated using the software 
g*Power (Buchner, Erdfelder, & Faul, 1997). With an effect size equal to .2, .5, or .8, the 
minimum sample size is 327, 54, and 23, respectively. However, with a multilevel 
research design (e.g., HLM), power analysis is more complicated. Power is not only 
driven by N at the highest level of analysis but is also determined by the variability 
between the highest level units. Heck and Thomas (2000) suggested a rule of thumb 
regarding the sample size for multilevel models of at least 20 groups and at least 30 
observations per group. Hox (2002) also suggested an alternative recommendation with 
30 groups and 30 observations per group. Therefore, the sample of 31 teachers collected 
data from 2,170 Earth’s Dynamic Geosphere (EDG) students (an average of 70 students 
per teacher; see Table 7), and 27 teachers collected data from 2,035 Astronomy students 
(an average of 73 students per teacher; see Table 8), which should be sufficient to detect 
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the within and between teacher level variations and identify significant factors to predict 
student knowledge learning and their engagement with science learning. 
Teacher and Student Characteristics 
 
Table 6 summarizes teacher and student participants for each school district. 
Tables 7 and 8 describe student participants for each teacher according to district and 
teaching unit. Note that the majority of the student data (64% of the EDG knowledge 
assessment and 71% of the Astronomy knowledge assessment) was collected by teachers 
 
Table 6 
Teacher and Student Participants 
School District (SD) N invited ES teachers 
N teacher 
participants 
(%) 
N EDG  
students  
(teacher N) 
N AST  
students 
(teacher N) 
Pioneer SD 36 30 (83.3%) 1398 (16) 1439(16) 
Highlands Public SD 43  28 (65.1%) 166 (4) 46 (1) 
Castle SD 32 6 (18.8%) 283 (5) 305 (5) 
Arbor Public SD 5 2 (40%) 66 (1) 0 
Valley SD 15 7 (46.7%) 257 (5) 245 (5) 
Total 131 73 (55.7%) 2170 (31) 2035 (27) 
Note. EDG = Earth’s Dynamic Geosphere, AST = Astronomy; both EDG and Astronomy N 
include student knowledge assessments and engagement surveys. 
 
Table 7 
 
Student Participants Per Teacher for Each School District (EDG)  
 
School District (teacher N) Mean SD Min Max Median 
Pioneer SD (16) 88 52 15 175 87 
Highlands Public SD (4) 42 8 35 53 39 
Castle SD (5) 57 49 14 142 42 
Arbor Public SD (1) 66 n/a 66 66 66 
Valley SD (5) 52 43 9 118 47 
Total (31) 70 48 9 175 49 
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Table 8 
 
Student Participants Per Teacher for Each School District (Astronomy)  
 
School District (teacher N) Mean SD Min Max Median 
Pioneer SD (16) 90 48 15 175 86 
Highlands Public SD (1) 46 — 46 46 46 
Castle SD (5) 61 46 13 137 47 
Arbor Public SD (0)a      
Valley SD (5) 49 42 10 118 50 
Total (27) 73 49 10 118 57 
aData not collected. 
 
 
in the Pioneer School District. Meanwhile, only one teacher in the Arbor Public School 
District collected EDG student data and no teacher collected Astronomy student data. 
Therefore, data were weighted according to district frequency in the analysis. 
Teacher demographic information was collected through the online teacher 
survey. Table 9 summarizes the categorical variables including teachers’ self-reports on 
gender, ethnicity, highest degree attained, level of control in selecting curriculum, age, 
science degree or certification, percentage of male students, percentage of English 
language learners (ELL), percentage of low-reading-level students, and CCS training 
condition. Note that the CCS training condition was based on teachers’ professional 
development records rather than their self-reports in the presurvey. Table 10 shows the 
descriptive statistics for various teacher characteristics (continuous variables) for each 
school district, including self-reports on years of general teaching experience, years of 
teaching earth science, average earth science class size, number of daily class periods, 
and four indicators of the challenge level of their classes which teachers rated on a 1–5 
scale. 
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Table 9 
 
Teacher Demographics (categorical variables) 
 
Note. Data source: self-reported data from teacher survey except for the CCS training condition. 
School District Characteristics 
Pioneer  Highlands Castle  Arbor Valley Total 
Teacher N 30 28 6 2 7 73 
Gender 
Male 17 6 2 1 2 28 
Female 13 22 4 1 5 45 
Ethnicity 
White 29 22 6 1 7 65 
Other 1 6 0 1 0 8 
Highest degree 
Bachelor’s 15 15 1 1 3 35 
Master’s 15 13 5 1 4 38 
Level of control in selecting curriculum  
Autonomous 4 1 1 0 0 6 
Guidance 17 18 5 1 2 43 
Follow requirements 9 9 0 1 5 24 
Age 
22 to 34 9 15 2 2 3 31 
35 to 44 6 7 4 0 1 18 
45 to 55 0 0 0 0 0 0 
55 to 64 8 5 0 0 1 14 
65 or over 7 1 0 0 2 10 
Science degree or certification 
Yes 28 26 6 1 6 67 
No 2 2 0 1 1 6 
Average % of male students 
26-50% 21 0 0 1 4 41 
51-75% 8 11 4 0 2 29 
76-100% 1 17 2 1 1 3 
Average % of ELL students 
0-25% 21 8 5 0 5 39 
26-50% 5 9 0 0 1 15 
51-75% 0 4 0 1 1 6 
76-100% 4 7 1 1 0 13 
Average % of low-reading-level students 
0-25% 25 4 0 0 1 36 
26-50% 3 3 6 1 3 10 
51-75% 2 12 0 0 3 17 
76-100% 0 9 0 1 0 10 
CCS training condition 
Yes 25 24 3 1 4 57 
No 5 4 3 1 3 16 
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Table 10 
 
Teacher Demographics (continuous variables) 
 
 aPossible scores range from 1 to 5, where higher score indicates higher incidence. 
Data source: self-reported data from teacher survey. 
 
 
District Characteristics 
 
Characteristics data on the five school districts were collected from the 2010-2011 
common core data (http://nces.ed.gov/ccd/), the official school district website, and the 
Department of Education websites of Utah and Colorado. Due to the large variance in  
 
 
School District Characteristics 
Pioneer  Highlands  Castle Arbor Valley Total 
Teacher N 30 28 6 2 7 73 
Total teaching experience in years 
Mean 14.97 7.22 10.5 1.63 14.86 11.25 
SD 9.17 6.36 5.61 .88 10.21 8.71 
ES teaching experience in years 
Mean 9.73 3.90 3.83 1.63 8.14 6.64 
SD 8.17 5.12 1.47 .88 7.31 7.06 
ES class size in number of students 
Mean 32 28.79 29.67 24 26.71 29.85 
SD 5.64 5.51 4.72 5.66 5.53 5.74 
# of class periods 
Mean 5.87 4.75 5 5 6.07 5.36 
SD 1.20 1.08 0 1.41 .19 1.16 
Challenge classa 
Mean 3.59 3.56 4 3.5 4 3.65 
SD .80 .81 .63 .71 .58 .77 
Challenge class managementa 
Mean 2.67 2.79 2 3.5 3.43 2.76 
SD .87 1.12 .63 .71 .79 .99 
Significant special ed. studentsa 
Mean 3.26 3.52 2.67 4 3.86 3.39 
SD 1.04 1.19 .82 0 .90 1.08 
Significant low-SES studentsa 
Mean 3.30 4.21 1.83 4.5 3.86 3.61 
SD 1.20 .86 .41 .71 .38 1.17 
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Table 11 
District Demographics (weighted mean) 
 
 
student enrollment, the overall mean and standard deviation are weighted according to 
the student enrollment for each school district (see Table 11). 
Response and Attrition Rates 
The sample includes all teachers who took the pre- and postsurveys, as well as all 
students who completed the pre- and post-knowledge assessments and engagement 
surveys regarding science learning. Table 12 summarizes the response rate for each 
teacher data-collection activity during the implementation year by school district. 
Additionally, the response rate of teachers who were willing to collect student data is 
reported. Note that Castle School District has a relatively low response rate for the 
teacher presurvey (N = 8, 25%) and postsurvey (N = 6, 19%). In terms of student data 
collection, Highlands Public School District had a low sign-up rate (N = 7, 17.5%) and 
completion rate, especially for the Astronomy unit (N = 1, 14%). In addition, Arbor 
Public School District collected no student data for the Astronomy unit. 
Characteristics Pioneer Highlands Castle Arbor Valley Mean (SD)  
Student enrollment 67736 76232 61440 7369 26881 69263.3 
(10530.5) 
Student ethnicity 
(% White) 
92.8 20.4 76.5 31.2 66 57.7 
(34.5) 
District per pupil expenditure ($) 6192 6867 7134 7313 7267 6615.6 
(380.4) 
Free/reduced lunch (%) 25.7 68 11.2 73 32.7 44.1 
(22.2) 
Student-teacher ratio 24.2 17.6 21.2 21 18 20.7 
(3.1) 
Avg. teacher salary ($) 48523 49755 51838 47615 48555 49334.4 
(939.7) 
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Table 12 
Teacher Response Rate 
Teachers 
N 
Pioneer 
(%) 
N 
Highlands 
(%) 
N Castle 
(%) 
N Arbor 
(%) 
N    
Valley 
(%) 
N Total 
(%) 
Invited 36 
(100%) 
43 
(100%) 
32 
(100%) 
5 
(100%) 
15 
(100%) 
131 
(100%) 
Presurvey completed 
compared to invited 
36 
(100%) 
40 
(93%) 
8 
(25%) 
3 
(60%) 
7 
(47%) 
94 
(72%) 
Postsurvey completed 
compared to invited 
29 
(81%) 
27 
(63%) 
6 
(19%) 
2 
(40%) 
7 
(47%) 
71 
(54%) 
Postsurvey completed 
compared to presurvey 
completed 
29 
(81%) 
27 
(68%) 
6 
(75%) 
2 
(67%) 
7 
(100%) 
71 
(76%) 
Signed up for student 
assessments compared 
to presurvey completed 
24 
(67%) 
7 
(17.5%) 
5 
(63%) 
1 
(33%) 
5 
(71%) 
42 
(37%) 
Collected EDG student 
data compared to 
signed up 
16 
(67%) 
4 
(57%) 
5 
(100%) 
1 
(100%) 
5 
(100%) 
31 
(74%) 
Collected Astronomy 
student data compared 
to signed up 
16 
(67%) 
1 
(14%) 
5 
(100%) 
0 
(0%) 
5 
(100%) 
27 
(64%) 
 
Attrition rates for each student data-collection activity are reported in Table 13. 
Note that Highlands Public School District has a very high attrition rate compared to 
other school districts for both EDG (62.4%) and Astronomy (89.6%). In addition, one 
teacher in the Arbor Public School District collected the Astronomy pretest and did not 
collect a posttest; therefore there is no student Astronomy data for that district. 
 
CCS Teacher Professional Development 
 
The research team provided the training to most earth science teachers in the five 
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Table 13 
Student Attrition Rate 
 
School District Students Pioneer Highlands Castle Arbor Valley Total 
Student precollected 
 (teacher N) 
1,884 
(18) 
451 
(7) 
347 
(5) 
77 
(1) 
335 
(5) 
3094 
(36) 
Valid student pre 1,860 442 339 77 333 3030 
EDG postcollected 1565 194 319 71 311 2460 
EDG matched  
 (teacher N) 
1398 
(16) 
166 
(4) 
283 
(5) 
66 
(1) 
257 
(5) 
2170 
(31) 
EDG pre/post attrition 24.8% 62.4% 16.5% 14.3% 22.8% 28.4% 
Astronomy postcollected 1598 65 340 0 302 2295 
Astronomy matched 
(teacher N) 
1439 
(16) 
46 
(1) 
305 
(5) 
0 
(0) 
245 
(5) 
2035 
(27) 
Astronomy pre/post attrition 22.6% 89.6% 8.8% 100% 26.4% 32.8% 
Note. Both pre- and postdata include student knowledge assessments and engagement surveys. 
 
school districts chosen. Teachers were encouraged but not forced to use the CCS when 
designing their instruction during the implementation year. 
Earth science teachers learned to use the CCS either through face-to-face or 
webinar professional development (PD) workshops, mainly in the summer of 2011 (see 
Table 14). Highlands School District offered teachers new to the earth science curriculum 
face-to-face sessions as well as two supplemental webinar sessions. Pioneer School 
District offered several webinar sessions prior to the face-to-face session. Castle, Arbor, 
and Valley School Districts provided CCS face-to-face training in 2010, and the CCS 
2011 webinar sessions were for those who either missed training the prior year or wanted 
additional training. Table 14 reports the dates the workshops were held, the number of 
ninth grade earth science teachers, and the number of teachers attending the CCS PD for 
each school district. 
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Table 14 
Professional Development Workshops in Summer 2011 
District Face-to-face workshop date Webinar workshop date 
No. of 9th 
grade ES 
teachers  
No. of ES teachers 
trained 
Pioneer 9/30 9/7, 9/13, 9/19, 9/20 36 33(f2f) 12(web) 
Highlands 8/9 8/16, 9/1, 9/19 43 17(f2f) 7(web) 
Castle a 8/11, 8/24, 9/28 32 1(web) 
Arbor a 9/15, 10/7 5 3(web) 
Valley a 8/23 15 4(web) 
aFace-to-face workshops were provided in 2010. 
Sessions included an overview of the goals of the CCS project, the features and 
functionalities of the CCS tool, and a live demonstration. Each participant created an 
account in advance of the training so that he or she could successfully log in to the CCS 
and navigate independently. In the case of face-to-face sessions, teachers were guided to 
explore the CCS and plan actual instruction using the tool. At the end of each session, 
previous CCS research was reviewed and the current research opportunity was 
introduced. Informed consent was distributed to teachers who were willing to participate 
in the current study. 
Teachers were compensated for their time in attending the session, either through 
district-provided PD funds (Highlands and Pioneer face to-face sessions), or as a $50 
Amazon.com gift card for webinar attendance funded through the grant.  
 
Data Sources and Data Collection Timeline 
 
Teachers took the pre- and postsurveys at the beginning and end of the 2011-2012 
school year. For the student knowledge assessments, a pretest was conducted before the 
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unit instruction and a posttest was given immediately after the end of the unit. The pre- 
and post-student engagement surveys were conducted in conjunction with the knowledge 
assessments (see Table 15). The assessments and all materials needed for full 
administration (paper and pencil test, scantrons, instructions), and three postage-paid 
return mail boxes for the pretest, EDG posttest, and Astronomy posttest were shipped or 
delivered to teachers at the beginning of the school year. Teachers mailed back their 
student data after they administered the test. All student response scantrons were scanned 
by a university test center and data were saved into an electronic version. 
 
Table 15 
Data Collection Timeline 
 
Data source Description Data collection timeline 
Teacher pre- and 
postsurveys 
Online surveys including demographics, site 
characteristics specific to technology access 
and use, and questions regarding teacher 
engagements and practice. 
 
Aug –Sep 2011 (pre) 
May–Jun 2012 (post) 
CCS usage logs Automatically collected by the CCS system, 
including the number of teacher logins and 
average session length. 
 
Aug 2011– 
Jun 2012 
Student pre- and post-
knowledge assessments 
Paper and pencil tests with scantrons. The 
pretest included both EDG and Astronomy 
content and the posttests were administrated 
separately. 
Sep–Oct 2011 (pre) 
After unit (EDG & 
Astronomy) (post) 
Student engagement 
surveys 
Adapted item with high validity and 
reliability from the existing literature. 
Collected with student 
pre- and posttest 
District demographics Collected from public data, including 
common core data, official school district 
websites, and Colorado Department of 
Education website. 
June 2012 
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CCS user clickstream data were continually collected by the CCS system during 
the implementation year. Various variables such as “the number of logins to the CCS” 
and “average session length” were included in the analysis.  
Demographic information for the five deployment sites for the implementation 
year was collected through public data sources (described above). 
Instruments 
 
 Pre- and post-online teacher survey. An online teacher survey was developed 
from three teacher surveys used in previous CCS studies. The survey included questions 
about teacher demographics, site characteristics specific to technology access and use, 
instructional planning, communities of practice, interactive resources, and the CCS tool 
(see Table 16). The questions were selected by the project staff and reviewed by the grant 
principal investigators. This resulted in two surveys with 38 questions each.  
The subscales of the teacher survey were extracted from a factor analysis. A 
principal component analysis with orthogonal varimax rotation was conducted with the 
 
Table 16 
 
Teacher Survey Subscales 
Subscale # of items 
Range of 
factor 
loadings 
Reliability 
Awareness of other ES teachers’ practice 4 .73-.82 .84 
Attitude toward CCS sharing function 3 .87-.89 .97 
Frequency of viewing/sharing other teachers’ materials 2 .83-.91 .90 
Frequency of CCS use 8 .70-.95 .98 
Student-centered customization 4 .74-.89 .90 
Comfort level in searching and using interactive resources 6 .63-.89 .91 
Frequency of using interactive resources 2 .85-.86 .91 
Note. All subscales are used in the HLM analysis. Possible scores for the subscale range from 2 to 
10. Possible scores for the total range from 14 to 70. 
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teacher presurvey (see Appendix A). Factors with four or more items and loadings 
exceeding 0.6 were retained (Stevens, 1999). Additionally, factors that had fewer than 
four items but that had high factor loadings and were aligned with research interests were 
also retained. The resulting seven subscales, number of items, range of factor loadings, 
and reliability for each subscale are reported in Table 16. Each subscale was linearly 
transformed to the same scale, with a minimum score of 2 and a maximum score of 10. 
Thus, the total possible score for the teacher survey ranged from 14 to 70. Analysis 
shows that the survey is reliable (Cronbach’s α = .94).  
Student knowledge assessment (pre- and posttest). Student pre- and post-
knowledge assessments that centered on the Earth’s Dynamic Geosphere unit (plate 
tectonics, earthquakes, volcanoes) and the Earth System Evolution unit (Astronomy) 
were selected from two sources: the EarthComm ExamView Test Generator, and the 
American Association for the Advancement of Science (AAAS) Science Assessment site 
(http://assessment.aaas.org/). The final assessments included 30 multiple-choice 
questions and six open-ended questions. 
Pilot assessment. Seventeen pairs of multiple-choice questions regarding plate 
tectonics were selected as the pilot assessment and were independently reviewed by two 
domain experts. The reviewers responded to a series of questions for each item that 
addressed formatting, scientific accuracy, grade-level appropriateness, and the conceptual 
alignment of each pair of items.  Reviewers were also queried about the suite of questions 
as a whole in terms of coverage of the targeted domain.  Finally, reviewers were asked to 
provide free-form suggestions about the assessment and how it could be improved. 
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Reviewer responses were analyzed and aligned to inform final revisions to the assessment 
items. One from each pair was used in separate pre- and posttests. Items of varying 
difficulty (easy, medium, and hard) were evaluated by content and balanced across the 
pre- and posttests, as were the number of items that utilized visual materials (e.g., 
diagrams, maps, graphs). In addition, four open-ended questions were developed, based 
on and adapted from publisher-provided questions and a review of the New York State 
Regents Exam website of previously administered tests 
(http://www.nysedregents.org/EarthScience/). Five teachers and their 507 students in the 
Highlands and Pioneer School Districts piloted the questions. The item analysis yielded 
an estimate of internal consistency of .70 using the Kuder-Richardson Formula 20 (KR-
20), a measure of internal consistency reliability for measures with dichotomous choices. 
An analysis of item difficulty level and degree of discrimination was used to revise items 
and to inform the selection and development of the final open-ended items for domain 
assessments. 
Final assessment. Feedback from the reviewers and the five teachers who piloted 
the test influenced the number and distribution of questions selected for the final 
assessment. Items that reviewers agreed were problematic were dropped from the final 
versions of the assessments. Other items (i.e., the generative items) were modified to 
include suggested revisions to terminology or formatting (e.g., adding blank lines to cue 
diagram labeling). The final set of questions was selected based on the reviewers’ 
comments, with emphasis on ensuring a pre- and posttest balance of difficulty and items 
making use of visual content (e.g., diagrams, maps).  The final number of items was 
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selected so that the test could be completed in a single 45-minute class period and would 
reflect the relative emphasis of the topics in the curriculum (i.e., Earth’s Dynamic 
Geosphere received about twice as much instructional time as Astronomy). Thus, the 
final assessment included a total of 30 pairs of multiple-choice questions and six open-
ended questions (four for plate tectonics, earthquakes, and volcanoes, and two for 
astronomy). 
Multiple-choice items were analyzed according to the classical testing theory and 
item response theory. The discrimination power of each test item was analyzed by 
calculating the descriptives and passing rate for the lower, middle, and higher performing 
students. The item was considered appropriate when 70% of high-performing students 
answered it correctly.  Furthermore, the Rasch model was fitted to analyze the difficulty 
level of the test items for each knowledge assessment. The content experts reviewed 
results from both analyses, and any ill-structured items (with low discrimination power 
and/or extreme difficulty) were eliminated. Therefore, the final EDG test consisted of 16 
multiple-choice items and the Astronomy test consisted of eight multiple-choice items. 
Tables 17 and 18 show Cronbach’s α for the EDG and Astronomy final assessments. 
 
Table 17 
Reliability for Student EDG Knowledge Assessment 
 
Assessment # of test items Max. total points possible Reliability 
Pretest 16 16 0.63 
Posttest 16 16 0.61 
Overall 32 32 0.75 
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Table 18 
Reliability for Student Astronomy Knowledge Assessment 
 
Assessment # of test items Max. total points possible Reliability 
Pretest 8 8 0.42 
Posttest 8 8 0.48 
Overall 16 16 0.61 
 
Note that the reliability of neither assessment was very high; however, according 
to Nunnally (1978) and Sax (1974), a reliability of .50 is acceptable if the measure is 
exploratory. 
Student engagement survey. Four items with high validity and reliability 
information were identified from the student science engagement survey literature with 
the goal of assessing student science learning motivation. The questions were revised to 
better suit our student population and were included in the student questionnaire. 
 
Data Analysis Methods 
 
Data were screened and prepared according to the following steps: cleaning, 
merging, imputing missing data, and checking data distribution assumptions (normality, 
independence, equal variance, outliers, invalid data), as well as taking care of issues such 
as dummy coding and centering. 
Data was analyzed according to Table 1. Seven variables regarding changes in 
teachers’ engagement and use of the CCS tool were analyzed using the matched sample t 
test. Effect sizes were reported due to the small sample size. Postsurvey scores were used 
as the outcome variable in a multiple regression model. Predictor variable candidates 
were district demographics and teacher demographics (see Table 19). The presurvey  
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Table 19 
CCS Student Model Predictor Variable Candidates 
HLM 
level Predictor variable candidates 
Level 2 
(teacher) 
- Teacher demographics 
• Gender 
• Age 
• Ethnicity 
• Level of control in 
curriculum selection 
• General teaching 
experience 
• Earth science teaching 
experience 
• Science degree or 
certificate 
• Highest degree 
• PD training (y/n) 
• Average ES class size 
• Average % of male 
students 
• Average % of ELL 
students 
• Average % of low-
reading-level students 
• Class challenge level  
(1–5 scale) 
• Self-reported 
challenge level 
• Self-reported class 
management challenge 
level 
• Sig. # of special needs 
students 
• Sig. # of low SES 
students 
- Teacher 
presurvey 
data 
• 7 subscale 
(see Table 
17) 
 
 
- CCS usage log 
• # of CCS 
logins 
• Average 
session length 
• # of clicks on 
the 
“interactive 
resources” 
area 
• # of DLESE 
items 
• # of mystuff 
items 
• # of 
sharedstuff 
items 
 
- District demographics 
• District (Highlands 
as reference group) 
• Enrollment 
• Avg. teacher salary 
• % of free/reduced 
lunch 
• District per pupil 
expenditure 
• Student ethnicity 
Level 1 
(student) 
- Student engagement (pre) 
- Student knowledge assessment score (pre) 
Note. District demographics were tested as teacher-level characteristics.  
ELL—English Language Learner, SES—Socioeconomic Status, ES—Earth Science, Sig.—
Significant 
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score was entered in the model as the covariate.Due to the large sample size and potential 
nesting effect, null HLM models (models without any predictors, setting student 
postscores as the level 1 data and individual teachers as the level 2 data) were fitted to 
model both EDG and Astronomy post-knowledge assessment scores, and ICCs were 
calculated to indicate whether there was a large variance across teachers and whether 
there was a nesting effect. Results suggest that data were clustered in student EDG post–
knowledge assessments (ICC = 11.2%), while not enough variation across higher-level 
units (teachers) was shown in the student Astronomy post-knowledge scores (ICC = 
1.49%). Therefore, a two-level HLM was applied to analyze the student EDG knowledge 
assessment. The matched sample t test and standard multiple regression model were used 
to analyze the student Astronomy knowledge assessment.  
Post-knowledge assessment scores and post-engagement scores were used as the 
outcome variables in the multiple regression models and the HLM model, while the pre-
knowledge assessment scores and pre-engagement scores were included in the model as 
the covariates. In modeling post-knowledge assessment scores, an additional student-
level predictor (student pre-engagement survey score) was used (see Table 19). Similarly, 
when predicting student engagement, pre-knowledge assessment score was used as a 
predictor. In addition, predictor candidates were also selected according to either the 
literature review or the factor analysis. 
A two-level HLM was fitted to investigate the impact of CCS usage on students’ 
EDG knowledge learning, with teachers as the second level. District characteristics were 
also tested as teacher characteristics since there were only five school districts and not 
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enough clusters to construct a third level. The HLM analysis was conducted using Stata 
11. To build the HLMs and interpret the results, the following steps were performed as 
needed: 
A. Model development and specification 
1) Built the null (base) model and calculated the Intraclass Correlation Coefficient 
(ICC) in order to decide whether HLM was needed and what number of levels 
should be in the HLM model; 
2) Selected predictors  
Predictors were selected based on both theoretical interest and statistical 
significance using the following: 
a) Calculated different types of bivariate correlation coefficients (Pearson, 
Spearman, and point biserial correlation) between the outcome variable 
and each predictor (see Appendix L, M, N, O). Excluded nonsignificant 
predictors and significant predictors with a correlation less than +/- 0.05 
from the model testing. However, predictors with theoretical interest were 
retained. 
b) Checked associations among predictors (multicollinearity). When 
multicollinearity existed, chose the most representative predictor (e.g., one 
with the highest correlation). 
B. Estimation and testing procedures 
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1) Built the model and assigned predictors as fixed or random effects. Variables 
that could be specified as random effects were student’s pre-knowledge 
assessment score and pre-engagement survey score. 
2) Tested random effects first using the Restricted Maximum Likelihood (REML) 
estimation method and then tested fixed effects using the Maximum Likelihood 
(ML) estimation method (Bickel, 2007). 
3) Selected models according to the model fit statistics AIC and BIC. 
4) Refit the models using REML when random effects were specified. 
C. Hypothesis testing and statistical inference 
Confidence intervals or hypothesis tests of the parameters estimated in the HLM 
model were available from Stata. Such information was used to interpret the final 
model. 
D. Interpretation of the results 
1) Presented mathematical equations of each final model in the multilevel format 
(presented each level by its own submodel). 
2) Interpreted significant continuous predictors and dummy-coded predictors in 
the final model. 
Mathematically, the HLM model is formulated as: 
Level-1 Model: 
 
Level-2 Model: 
! 
Yij = "0 j + "1 j # XEDGpre + "2 j # XEngagement +$ ij
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Multilevel (full) Model: 
 
where Yij stands for student EDG postassessment score; Pioneer and Other Districts are 
categorical variables; ESteaching is a continuous variable representing teachers’ years of 
teaching earth science; Guidance and Autonomous are categorical variables representing 
teachers’ level of curriculum control (these are compared with teachers who exactly 
followed the curriculum); CCS logins is a continuous variable representing the total login 
times over the intervention year; IRclick is the number of teachers’ clicks on the 
“interactive resources” area; SpecialED is the average percentage of special education 
students; SES is the average percentage of low-socioeconomic status (SES) students; 
Reading is the average percentage of low-reading-level students; DistrictSES is the 
district-level percentage of free and reduced lunches; and L2MeanEDGpre and 
L2MeanEngagement are the aggregated level 2 variables representing the mean of the 
EDG preassessment score and engagement presurvey score for each teacher.  
 
! 
"1j = #10 + µ1j
! 
"2 j = # 20
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CHAPTER IV 
RESULTS 
 
 
The results of the study are presented here organized by research question. All 
inferential statistical tests use an alpha level of .05. Where appropriate, Cohen’s d (1992) 
effect sizes are calculated. 
Impacts of CCS on Teachers 
RQ1: What is the impact of CCS usage on teachers’ attitudes, beliefs, and practices? 
What deployment site or teacher characteristics may predict such impact? 
Paired-sample t tests were performed to examine whether there was a statistically 
significant difference between teachers’ pre- and postsurvey scores. Overall, teachers’ 
average score improved by 0.43 point (note that possible scores range from -56 to 56). 
The change was not statistically significant (p = .12), and the effect size was .19.  
However, teachers showed statistically significant improvements on two 
subscales (see Table 20), including their awareness of other earth science teachers’ 
practices and their frequency of using interactive resources. Small effect sizes were found 
for these changes. 
Two subscales increased slightly from pre- to postsurvey: teachers’ comfort level 
in searching and using interactive resources (p = .08), and the frequency of their CCS 
usage (p = .12). Although the effect sizes were small, the improvement was not 
statistically significant. 
The following subscales decreased slightly from pre- to postsurvey: teachers’ 
attitudes toward the CCS sharing function, the frequency of their viewing or using other  
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Table 20 
Descriptive and Effect Size Statistics for Teacher Survey Participants 
Pre Post 
Subscale (# of items)  N 
Mean (SD) Mean (SD) 
t Effect size 
Awareness of other ES teachers’   
practices (4)  73 6.30 (1.76) 6.69 (1.59) 2.00* .23 
Attitude toward CCS sharing 
function (3)  73 6.91 (1.66) 6.86 (1.61) .25 NS -.03 
Frequency of viewing/sharing 
other teachers’ materials (2)  73 5.27 (2.35) 5.16 (1.92) .40 NS -.05 
Frequency of CCS use (8)  73 4.42 (2.45) 4.85 (2.13) 1.56 NS .18 
Student-centered customization (4)  73 8.40 (1.25) 8.17 (1.32) 1.41 NS -.17 
Comfort level in searching and 
using interactive resources (6) 73 8.31 (1.30) 8.54 (1.40) 1.76 NS .21 
Frequency of using interactive 
resources (2)  73 6.75 (1.85) 7.23 (1.64) 2.28* .27 
Total (29) 73 46.36 (7.69) 47.50 (6.77) 1.57 NS .19 
Note. Possible scores for each subscale range from 2 to 10. Possible scores for the total range 
from 14 to 70. 
*p < .05. NS = no statistical significance. 
 
teachers’ materials, and their consideration of student-centered customization. The 
changes were not statistically significant (p = .80, p = .69, and p = .16, respectively). In 
terms of practical significance, the effect sizes for all three subscales were less than .20. 
Teachers were divided into three groups according to their district location and 
their previous exposure to the CCS tool: Highlands School District, Pioneer School 
District, and the remaining school districts. Highlands School District participated in the 
CCS pilot study and therefore was not new to the CCS tool. Castle, Arbor, and Valley 
School Districts are in the same state as the Highlands School District but adopted the 
CCS tool in the fall of 2011. Pioneer School District was new to CCS and located in a 
different state, and it used a different curriculum from the other four school districts.  
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Table 21 
 
Descriptive and Effect Size Statistics for Teacher Survey Participants in Three District 
Comparison Groups 
Pre Post 
School district  N 
Mean (SD) Mean (SD) 
t Effect size 
Highlands 28 49.01 (6.69) 47.49 (6.20) -1.20 NS -.23 
Pioneer 30 43.90 (7.84) 45.99 (7.19) 2.15 * .40 
Castle/Arbor/Valley 15 46.33 (7.96) 50.56 (6.27) 3.09 ** .84 
Note. Possible scores for the pre- and postsurveys range from 14 to 70. 
*p < .05. **p < .01. NS = no statistical significance. 
 
Table 21 shows the descriptive and effect size statistics of teacher pre- and 
postsurvey scores for the three district comparison groups. Highlands School District 
teachers’ average presurvey scores were high and their postsurvey scores decreased. The 
change was not statistically significant (p = .24) and the effect size was small (d = -.23). 
This might be due to the CCS’s positive impact during the pilot study (Sumner & CCS 
Team, 2010). Teachers might have had good prior experiences and high expectations of 
the CCS tool at the beginning of the intervention year. 
However, teachers who used the CCS for the first time showed overall improvement both 
statistically and practically (see Table 21) in their attitudes, beliefs, and practices 
regarding the use of the CCS tool and interactive resources. This suggests that the CCS 
had a positive impact on teachers’ attitudes toward and use of interactive resources, their 
awareness of other earth science teachers’ practices, and their attitudes toward supporting 
others in the professional community. 
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Table 22 
Descriptive Statistics for Teachers’ CCS Logins  
 
 
 
 
 
 
 
Table 23 
Descriptive Statistics for Teachers’ Average CCS Login Session Length  
 
 
 
 
 
 
 
 
 
 
 
Note. Each unit of the session length is 10 minutes, e.g., 3.64 = 36.4 minutes. 
 
In addition, teachers’ CCS usage data for each school district were examined as 
well as overall usage. Table 22 shows the descriptive statistics for the number of teachers’ 
CCS logins over the intervention year. The median number of login times was seven and 
the mean number of logins was 24.21, suggesting that overall CCS usage was low and the 
data were highly skewed. Teachers from Pioneer and Castle School Districts tended to 
# of CCS logins 
District N 
Mean SD Min Max Median 
Pioneer 30 5.83 7.63 0 30 2 
Highlands 28 31.64 38.72 0 157 19 
Castle 6 4.17 5.15 0 11 2 
Arbor 2 120 16.97 108 132 120 
Valley 7 63 62.97 0 152 43 
Total (unweighted) 73 24.21 38.97 0 157 7 
Total (weighted) 147 35.29 47.66 0 157 16 
Average CCS login session length 
District N 
Mean SD Min Max Median 
Pioneer 30 3.65 2.66 0 9 2.85 
Highlands 28 1.99 1.98 0 8.9 1.6 
Castle 6 .62 .80 0 2 .4 
Arbor 2 2.3 .28 2.1 2.5 2.3 
Valley 7 2.19 2.35 0 7 1.6 
Total (unweighted) 73 2.59 2.41 0 9 2 
Total (weighted) 147 2.22 2.20 0 9 1.9 
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use CCS less frequently than did teachers from the other school districts—their median 
number of CCS logins was only two. Note that there were only two earth science teachers 
in the Arbor School District, and they both appeared to use the CCS more than 100 times 
during the intervention year. 
Teachers’ average CCS login session length was converted to 10-minute units. As 
shown in Table 23, teacher logins to the CCS averaged about 25 minutes. Note that 
teachers from the Castle School District tended to use the CCS for shorter than average 
periods (median = 4 min). 
The number of teachers’ clicks on the “interactive resources” area was examined 
(see Table 24). Results suggest that teachers rarely accessed the “interactive resources” 
area (mean = 5.58, median =1). Teachers from Arbor School District (median = 9.5) and 
Valley School District (median = 8) tended to use this feature relatively more frequently.  
Table 25 shows the descriptive statistics for the number of items teachers saved in 
the “mystuff” area. On average, teachers saved nine items in their mystuff area across all 
 
Table 24 
Descriptive Statistics for Teachers’ Clicks on the “Interactive Resources” Area 
# of  teachers’ clicks on the “interactive resources” area 
District N 
Mean SD Min Max Median 75% Percentiles 
Pioneer 30 2.07 2.64 0 11 1 3 
Highlands 28 5.93 8.96 0 37 2 7 
Castle 6 3.17 4.58 0 10 .5 8 
Arbor 2 9.5 12.02 1 18 9.5 18 
Valley 7 20.14 22.45 0 52 8 44 
Total (unweighted) 73 5.58 10.25 0 52 1 7 
Total (weighted) 147 8.38 13.71 0 52 2 8 
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Table 25 
Descriptive Statistics for # of Mystuff Items 
# of mystuff items 
District N 
Mean SD Min Max Median 75% Percentiles 
Pioneer 30 2.03 8.19 0 45 0 1 
Highlands 28 10.29 17.61 0 65 2 13.5 
Castle 6 .5 .84 0 2 0 1 
Arbor 2 12 4.24 9 15 12 N/A 
Valley 7 39.86 49.51 0 143 24 51 
Total (unweighted) 73 8.97 21.63 0 143 1 6 
Total (weighted) 147 14.54 29.15 0 143 2 14 
 
Table 26 
Descriptive Statistics for # of DLESE Items Saved in Mystuff Area 
# of  DLESE items 
District N 
Mean SD Min Max Median 75% Percentiles 
Pioneer 30 .8 2.80 0 15 0 0 
Highlands 28 5.87 8.96 0 27 0 5.5 
Castle 6 .5 .84 0 2 0 1 
Arbor 2 0 0 0 0 0 0 
Valley 7 1.29 2.98 0 8 0 1 
Total (unweighted) 73 1.64 4.25 0 27 0 1 
Total (weighted) 147 1.67 4.17 0 27 0 1 
 
school districts. Half of the teachers from Pioneer and Castle School Districts did not 
save any resources (median = 0 in their mystuff area), while teachers from Valley School 
District saved more resources (median = 24). One teacher collected 143 resources in his 
or her mystuff area. 
DLESE resources were examined separately from other resources to see if 
teachers favored digital library resources over other resources. Table 26 shows that 50% 
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of teachers never saved DLESE resources into their mystuff area. Teachers from the 
Highlands School District tended to save DLESE resources slightly more often.  
 The descriptive statistics for the number of items teachers saved in the 
“sharedstuff” area shows that teachers had an average of 6.78 resources available for 
access by other teachers in the same school district. Teachers from the Valley School 
District appeared to be more willing to share (mean = 36.86, median = 24). 
 
Table 27 
Descriptive Statistics for # of Shared Stuff Items 
# of shared stuff items 
District N 
Mean SD Min Max Median 75% Percentiles 
Pioneer 30 1.17 5.28 0 29 0 0 
Highlands 28 6.5 11.69 0 44 1 6 
Castle 6 0 0 0 0 0 0 
Arbor 2 10 7.07 5 15 10 15 
Valley 7 36.86 45.53 0 132 24 49 
Total (unweighted) 73 6.78 18.47 0 132 0 3 
Total (weighted) 147 12.03 26.18 0 132 1 13 
 
To summarize, overall CCS usage tended to be low. District differences were 
evident. Teachers from the Arbor and Valley School Districts were more active CCS 
users. Meanwhile, teachers from Castle School District were the least enthusiastic CCS 
users. Teachers from Pioneer School District also had low usage, possibly because the 
CCS resources were less relevant in this district since it used different state standards as 
well as different curriculum materials. 
To identify significant predictors of teachers’ postsurvey score, a series of 
multiple regression models was fitted using Stata 11, and the final model was selected 
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according to R2 and model parsimony (see Appendix B). Various assumptions of the 
standard multiple regression model were examined before model fitting. The normality 
assumption was checked using the Shapiro-Wilk W test and the residual normality was 
visually examined using the normal q-q plot. One outlier was identified and trimmed to 
the 3 Standard Deviation value (Lipsey & Wilson, 2001). Homoscedasticity of residuals 
was checked using the Breusch-Pagan / Cook-Weisberg test and the variance of the 
residuals was homogeneous. Multicollinearity was also checked and no high correlations 
were found among the predictors.  
 
Table 28 
Multiple Regression of Teacher Postsurvey Scores  
Variables β SE t p 95% CI 
Postsurvey score 
Presurvey score .62 .08 7.86 .001** .46 .78 
Pioneer SD 1.59 1.34 1.19 .24 -1.07 4.26 
Castle/Arbor/Valley SD 3.51 1.63 2.16 .03* .27 6.76 
CCS training -3.77 1.47 -2.57 .01* -6.70 -.85 
Intercept 20.20 3.97 5.09 .001** 12.28 28.12 
Note. R2 = .51, N = 73. β = unstandardized beta coefficient, SE = standard error, t = t-test 
statistics, p = probability value, 95% CI = 95% confidence interval. 
Possible posttest scores range from 14 to 70. 
*p < .05. **p < .01. 
 
The final multiple regression model regressed teacher postsurvey score on their 
school district (Highlands vs. Pioneer vs. other districts) and CCS training condition. The 
presurvey score was controlled as the covariate. School district and CCS training 
condition were both categorical variables and therefore were dummy coded. Teachers 
from Highlands School District and teachers without CCS training were coded as the 
reference group. 
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Table 28 shows the unstandardized beta coefficients and the intercept, the 95% 
confidence interval, and R2 values. R2 suggests that these predictors account for 51% of 
the variance in teacher postsurvey scores, R2 = .51, F(4,68) = 17.98, p < .001. In 
particular, when compared with Highlands School District (the district that participated in 
the pilot study), teachers from Pioneer School District scored an average of 1.59 points 
higher when other predictors were held constant. Teachers from Castle, Arbor, and 
Valley School Districts scored an average of 3.51 points higher when other predictors 
were held constant, and the difference was statistically significant. Interestingly, teachers 
who received training scored on average 3.77 points lower than those who never received 
training when other predictors were held constant. This might be due to using a binary 
variable that was not sensitive enough to capture the complexity of the CCS training 
condition, or it might suggest the CCS training was not effective. 
 
RQ2: What is the impact of teachers’ CCS usage on their students’ learning outcomes 
and their engagement with learning earth science? What factors may predict such impact? 
Impacts of CCS on Student Knowledge Learning 
Student EDG Knowledge Assessment  
Data were first examined by fitting the HLM null model (described above; see 
also Table 30, model 1 and Appendix C) to identify whether nesting existed. Results 
show that teacher factors accounted for over 12% of the variance in student post-EDG 
knowledge assessment score.  The rule of thumb for considering nesting effects is that 
when ICC > 8%, the observations are nested (students nested within teachers). Table 29 
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shows the descriptive statistics and effect sizes for student EDG knowledge assessments 
for each school district. Due to the large sample size and nesting effect, only Cohen’s d 
effect sizes were calculated. Various effect sizes were identified. Note that students from 
the Pioneer School District showed almost no change from pre- to posttest. This may be 
due to their teachers’ relatively low CCS usage. Students from the Valley School District 
showed a medium to large effect size (d = .71). 
 
Table 29 
 
Descriptive and Effect Size Statistics for EDG Knowledge Assessment  
 
District Pre Post 
 
N 
Mean SD Mean SD 
Cohen’s d 
Pioneer 1398 9.08 2.88 9.06 2.86 -.007 
Highlands 166 6.63 2.89 7.58 2.71 .31 
Castle 283 9.85 2.73 10.44 2.85 .22 
Arbor 66 7.20 2.35 8.33 2.66 .35 
Valley 257 6.69 2.53 8.89 2.93 .71 
Total (unweighted) 2170 8.65 3.00 9.09 2.92 .15 
Total (weighted) 4128 8.18 3.02 9.13 2.95 .32 
Note. Possible scores range from 0 to 16. Cohen’s d calculated using pooled SD. 
 
Additional HLMs were fitted to identify the significant teacher- and student-level 
predictors (see Table 30). Models 2 and 3 have student level predictors only. The 
difference is that model 2 is the random intercept model while model 3 is the random 
intercept and random slope model. Model 4 is the full model (see Appendix D), a random 
intercept and random slope model that includes all of the predictor candidates. The result 
of the full model suggests that one student-level and four teacher-level predictors were 
significant (see Table 30, Model 4). At the student level, student pre-engagement survey 
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score was a significant predictor of posttest score. No differences appeared between the 
Highlands and Pioneer School Districts (p = .82) or between the Highlands and other 
school districts (p = .23). Earth science teaching experience was not a significant 
predictor for student learning (p = .31). Level of teacher control of curriculum was also 
not a significant predictor. Compared with students of teachers who followed the 
curriculum, students of teachers who either used the curriculum as a guide or used it 
autonomously did the same (p = .80 and p = .48, respectively). In addition, none of the 
teacher-level student demographic variables significantly predicted students’ EDG 
posttest score. The p values for the percentage of special education students, low-SES 
students, and low-reading-level students were .97, .74, and .55, respectively. School 
district-level free and reduced lunch percentage was not a significant predictor either (p = 
.62). In terms of CCS usage data, the number of CCS logins was a significant predictor 
and was negatively correlated with student learning outcomes, with a very small 
coefficient (γ09= -.02). The number of teachers’ clicks on the “interactive resources” area 
was not a significant predictor. 
Nonsignificant predictors were excluded from the model one at a time according 
to their p value. Model 5 is the parsimonious model that retains only the statistically 
significant predictors. Model diagnosis was performed to examine the various 
assumptions, and student engagement prescore was excluded from the model due to its 
nonlinear relationship with the outcome variable. For the final model (see Table 30, 
Model 6 and Appendix E), at the teacher level, district differences appeared. Students  
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Table 30 
Fixed and Random Effects for the HLM (student N = 2170, teacher N =31) 
Fixed Effects  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Intercept γ00 (SE) 8.88*(.20) 8.81*(.20) 8.81* (.20) 1.90 (2.27) 1.26 (1.66) 4.54* (.61) 
L1 EDG pretest score 
γ10 
 .48* (.02) .46* (.03) .47* (.03) .47* (.03) .49* (.03) 
L1 Engagement score 
γ20 
 .08* (.02) .08* (.02) .08* (.02) .08* (.02)  
District (Pioneer SD) 
γ01 
   .22 (.97) .08   (.36) .33 (.37) 
District 
(Castle/Arbor/Valley 
SD) γ02 
   1.21 (1.01) 
1.07* (.36) 1.12* (.38) 
ES teaching experience 
γ03 
   .02 (.02)   
Level of curriculum 
control (guidance) γ04 
   -.10 (.39)   
Level of curriculum 
control (autonomous) 
γ05 
   .38 (.54) 
  
# of CCS logins γ06    -.02* (.01) -.02* (.01) -.02* (.01) 
# of clicks on the IR 
area γ07 
   .05   (.02) .04* (.02) .04*  (.02) 
Avg. % of special ed 
students γ08 
   -.01 (.20)   
Avg. % of low-SES 
students γ09 
   -.07 (.20)   
Avg. % of low-reading-
level students γ10 
   -.15 (.24)   
% of free/reduced 
lunches γ11 
   .01 (.02)   
L2 EDG pretest score 
γ12 
   .29 (.17) .38* (.08) .46* (.08) 
L2 engagement score 
γ13 
   .42 (.27) .43* (.20)  
Random effects  Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
Intercept variance τ00   1.06*(.33) 1.08* (.32) 1.11* (.33) .25* (.15) .16* (.09) .19* (.11) 
Slope variance τ01  
(EDG pretest score)    .01* (.004) .01* (.004) .01* (.004) 
.01* (.004) 
Covariance (intercept 
& slope)   .04   (.03) 
-.002 (.01) -.004 (.02) -.01   (.02) 
Residual σ2 7.66* (.23) 5.82* (.18) 5.78* (.18) 5.81* (.02) 5.80* (.18) 5.85* (.18) 
Model fit statistics Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 
AIC 10651.04 10080.4 10078.16 10098.51 10069.39 10082.45 
BIC 10668.09 10108.81 10117.93 10212.16 10143.26 10144.96 
Note. ICC = 12.16%, REML estimation. Model 1: null model (random intercept model); Model 2: student-
level predictors added (random intercept model); Model 3: student-level predictors added (random intercept 
and random slope model); Model 4: full model, teacher-level predictors added (random intercept and 
random slope model); Model 5: model with sig. predictors only (random intercept and random slope 
model); Model 6: model adjusted according to postestimation results (random intercept and random slope 
model). 
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from Pioneer School District had learning outcomes similar to those of students from 
Highlands School District (p = .37). But students from Castle, Arbor, and Valley School 
Districts had significantly higher posttest scores than their peers in the Highlands School 
District. Both the number of CCS logins and the number of teachers’ clicks on the 
“interactive resources” area were significant predictors. 
Analysis of the random effects (see Table 30) estimated the variance accounted 
for by within- and between-teacher factors. The variance of the student-level residual (eij) 
was σ2, and τ00 was the variance of the teacher-level residual (µoj), or intercept variance. 
The significant τ00 suggests that even after controlling for the various teacher-level 
factors, there is still a significant between-teacher difference in mean student post-EDG 
test score. The significant slope variance (τ01) suggests that the associations between 
student pre- and post-EDG test scores varied among teachers. However, the intercept and 
slope were not significantly correlated.  
 
Student Astronomy Knowledge Assessment  
 
As with the student EDG knowledge assessment, the nesting effect was examined 
by fitting the HLM null model (described above, see Appendix F). Results showed that 
teachers accounted for 1.49% of the variance in student post-Astronomy knowledge 
assessment score, and thus the observations were not nested. Therefore, the standard 
multiple regression model was used to test the associations between the outcome variable 
and various predictors. 
Descriptive statistics and effect sizes were calculated for student pre- and post-
Astronomy knowledge assessments (see Table 31). Matched-sample t tests were used to 
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examine whether student Astronomy scores significantly changed from pre- to posttest. 
Results showed improvements across all school districts. (Note that Arbor School District 
did not collect data for the Astronomy unit.) Various effect sizes were calculated. Pioneer 
and Valley School Districts showed small to medium improvement, while Highlands and 
Castle School Districts showed medium to large effect sizes. 
 
Table 31 
 
Descriptive, Inferential Test, and Effect Size Statistics for Astronomy Knowledge 
Assessment 
 
Pre Post 
District N 
Mean SD Mean SD 
t Cohen’s d 
Pioneer 1439 3.38 1.50 4.43 1.73 20.75** .32 
Highlands 46 2.22 1.13 3.39 1.86 4.27** .66 
Castle 305 3.35 1.39 4.89 1.70 15.04** .67 
Arbora        
Valley 245 2.69 1.42 3.74 1.74 8.50** .43 
Total (unweighted) 2035 3.27 1.49 4.39 1.76 26.64** .37 
Total (weighted) 3671 3.26 1.64 4.29 1.79 N/A .42 
Note. N/A = matched-sample t test for weighted means is not available. Possible scores range 
from 0 to 8. Cohen’s d calculated using pooled SD. 
aData not collected. 
*p < .05. **p < .01. 
 
To identify significant predictors of student post-Astronomy knowledge 
assessment score, a series of multiple regression models was fitted and diagnosed using 
the same process as in the teacher model fitting (described above, see Appendix G).  
The final multiple regression model regressed student post-Astronomy knowledge 
assessment score on school district (Highlands vs. Pioneer vs. other districts), teacher 
gender, level of curriculum control, teacher presurvey score of student-centered 
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customization, number of teachers’ clicks on the “interactive resources” area, number of 
teachers’ shared items, and student pre-engagement score (see Table 32). Student pretest  
 
Table 32 
Multiple Regression of Student Post-Astronomy Knowledge Assessment Score  
Variables β Robust SE t p 95% CI 
Astronomy posttest score 
Pretest score .35 .02 15.49 .001 .30 .39 
Student pre-engagement score .10 .01 8.61 .001 .07 .12 
Pioneer SD .69 .20 3.43 .001 .29 1.08 
Castle/Arbor/Valley SD .98 .20 4.76 .001 .57 1.38 
Teacher gender (female) .51 .08 6.61 .001 .36 .66 
Level of curriculum control in class     
(guidance) .21 .10 2.13 .03 .02 .40 
Level of curriculum control in class 
(autonomous) .32 .12 2.62 .001 .08 .56 
Teacher presurvey score of student-
centered customization - .71 .16 -4.53 .001 -1.01 - .40 
Number of clicks on “interactive 
resources” area - .01 .004 -2.42 .02 - .02 - .002 
Number of shared items - .01 .001 -5.67 .001 - .01 - .005 
Intercept 3.21 .54 5.90 .001 2.14 4.28 
Note. β = unstandardized beta coefficient; robust SE = standard error estimated by robust 
estimation; t = t-test statistics; p = probability value; 95% CI = 95% confidence interval. Possible 
scores range from 0 to 8. 
 
score was controlled as covariate. School district, teacher gender, and level of curriculum 
control were categorical variables and were dummy coded. 
Table 32 shows the unstandardized beta coefficients, the intercept, 95% 
confidence interval, and R2 values. R2 suggests that these predictors accounted for 22% of 
the variance in student post-Astronomy knowledge assessment score, R2= .22, F(10, 1913) 
= 65.45, p < .001. In particular, for every 1-unit increase in the student pre-engagement 
score, the student posttest score increased by 0.10 point when other variables were held 
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constant. When compared with Highlands School District students, those from Pioneer 
School District scored an average of 0.69 point higher when other predictors were held 
constant. Students from Castle, Arbor, and Valley School Districts scored an average of 
0.98 point higher when other predictors were held constant. Compared with students of 
male teachers, students of female teachers scored an average of 0.51 point higher when 
other variables were held constant. Compared with students of teachers who closely 
followed the curriculum, students of teachers who used the curriculum as guidance 
scored an average of 0.21 point higher when other variables were held constant. Students 
of teachers who autonomously used their curriculum scored an average of 0.32 point 
higher when other variables were held constant. For every 1-unit increase in the teacher 
presurvey score regarding student-centered customization, student posttest score 
decreased 0.71 point when other variables were held constant. Teachers’ number of clicks 
on the “interactive resources” area and the number of shared items were also significant 
predictors, although the coefficients were very small (both β = -.01). 
 
Impacts of CCS on Student Engagement with Science Learning 
Student EDG Engagement Survey  
The nesting effect was first examined by fitting an HLM null model, and the ICC 
suggested that teachers accounted for 2% of the variance in student post-engagement 
score (see Appendix H). Therefore, nesting was not a concern and a standard multiple 
regression model was used to identify the significant predictors of student post-EDG 
engagement survey score. 
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Descriptive and effect size statistics were calculated (see Table 33). Matched-
sample t tests were used to examine whether the changes were statistically significant. 
Results suggest that for all student participants, there was not a significant change.  
 
Table 33 
 
Descriptive and Effect Size Statistics for EDG Engagement Survey 
 
Pre Post 
District N 
Mean SD Mean SD 
t Cohen’s d 
Pioneer 1398 9.89 3.19 9.77 3.60 -1.17 NS -.02 
Highlands 166 8.91 3.08 9.50 3.13 1.98* .18 
Castle 283 9.61 2.98 8.76 3.51 -4.19* -.25 
Arbor 66 10.11 3.16 9.90 3.79 -.38 NS -.04 
Valley 257 8.82 2.92 9.12 3.75 1.30 NS .10 
Total (unweighted) 2170 9.66 3.15 9.55 3.51 -1.40 NS -.02 
Total (weighted) 4128 9.42 3.09 9.36 3.41 N/A -.02 
Note. 4 items; possible scores range from 5 to 20. Cohen’s d calculated using pooled SD. 
*p < .05. 
 
However, students from the Highlands School District showed a significant increase in 
their engagement with learning the EDG unit, with a small effect size. Meanwhile, 
students from Castle School District showed a significant decrease in their engagement 
with learning the EDG unit, with a small effect size. Overall, students did not appear to 
change their engagement levels in learning the EDG unit. 
To identify significant predictors of student post-EDG engagement survey score, 
a series of multiple regression models was fitted and diagnosed using the same process as 
in the teacher model fitting (described above, see Appendix I). 
Table 34 shows the unstandardized beta coefficients, the intercept, 95% 
confidence interval, and R2 values. R2 suggests that these predictors accounted for 32% of 
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the variance in student post-Astronomy knowledge assessment score, R2= .32, F(5,1987) 
= 186.79, p < .001. In particular, when compared with students from the Highlands 
School District, students from Pioneer School District scored an average of 1.42 points 
higher when other predictors were held constant. Students from Castle, Arbor, and Valley 
School Districts scored an average of 0.01 point higher when other predictors were held 
constant, and the difference was not statistically significant. For every 1-unit increase in 
the teachers’ self-reported presurvey score regarding their expected usage of interactive 
resources, student post-EDG engagement score decreased 0.25 point when other variables 
were held constant. For every 1-unit increase in the district-level student-teacher ratio 
(note that the larger ratio, the more students one teacher has), student post-EDG 
engagement score decreased 0.20 point when other variables were held constant. 
 
Table 34 
Multiple Regression of Student Post-EDG Engagement Score  
Variables β SE t p 95% CI 
Post-EDG engagement score 
Pre-engagement score .52 .02 29.41 .001 .49 .56 
Pioneer SD 1.42 .48 2.97 .003 .48 2.36 
Castle/Arbor/Valley SD .01 .27 .04 .97 -.51 .54 
Teachers’ expected IR use  -.25 .12 -2.11 .04 -.48 -.02 
Student-teacher ratio -.20 .07 -3.08 .002 -.33 -.07 
Intercept 9.06 1.18 7.69 .001 6.75 11.36 
Note. β = unstandardized beta coefficient; SE = standard error; t = t-test statistics; p = probability 
value; 95% CI = 95% confidence interval. Possible posttest scores range from 5 to 20. 
 
 
Student Astronomy Engagement Survey 
Similar to the student EDG engagement survey, the nesting effect was first 
examined by fitting an HLM null model, and the ICC suggested that teachers accounted 
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for 1.5% of the variance in student post-engagement score (see Appendix J). Therefore, 
nesting was not a concern and the standard multiple regression model was used to 
identify the significant predictors of student post-Astronomy engagement survey score. 
Table 35 
 
Descriptive and Effect Size Statistics for Astronomy Engagement Survey 
 
Pre Post 
District N 
Mean SD Mean SD 
t Cohen’s d 
Pioneer 1439 9.86 3.21 9.73 3.55 -1.46  NS -.04 
Highlands 46 8.88 2.77 8.89 3.27 .02   NS .003 
Castle 305 9.45 3.09 9.12 3.29 -1.66  NS -.10 
Arbora         
Valley 245 8.95 2.83 9.03 3.41 .33  NS .03 
Total 
(unweighted) 2035 9.67 3.16 9.54 3.56 -1.73 NS -.04 
Total 
(weighted) 3671 9.43 3.07 9.32 3.44 N/A -.03 
Note. 4 items; possible scores range from 5 to 20. Cohen’s d calculated using pooled SD. 
aData not collected. 
 
Table 36 
Multiple Regression of Student Post-Astronomy Engagement Score  
Variables β SE t p 95% CI 
Post-Astronomy engagement score 
Pre-engagement score .60 .02 33.36 .001 .56 .63 
Pioneer SD 1.17 .62 1.88 .06 -.05 2.39 
Castle/Arbor/Valley SD -.16 .45 -.35 .72 -1.04 .72 
25%–50% low-reading-level students -.07 .18 -.38 .71 -.41 .28 
50%–75% low-reading-level students -.79 .19 -4.09 .001 -1.16 -.41 
Student-teacher ratio -.24 .08 -3.01 .003 -.40 -.09 
Teachers’ comfort level with IR use .13 .05 2.83 .01 .04 .22 
Intercept 7.75 1.54 5.02 .001 4.72 10.77 
Note.  β = unstandardized beta coefficient; SE = standard error; t = t-test statistics; p = probability 
value; 95% CI = 95% confidence interval. Possible posttest scores range from 5 to 20. 
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Descriptive and effect size statistics were calculated (see Table 35). Matched-
sample t tests were used to examine whether the changes were statistically significant. 
Results showed no significant changes for any district or across districts. In terms of the 
practical significance, all effect sizes were very small. Overall, students did not appear to 
change their engagement levels when learning the Astronomy unit. 
A series of multiple regression models was fitted to identify the significant 
predictors of student post-Astronomy engagement survey score (see Appendix K). 
Assumptions were tested using the same process as in the student EDG engagement score 
modeling. 
Table 36 shows the unstandardized beta coefficients, the intercept, 95% 
confidence interval, and R2 values. R2 suggests that these predictors accounted for 39% of 
the variance in student post-Astronomy engagement survey score, R2= .39, F(7,1858) =  
170.45, p < .001. In particular, when compared with students from Highlands School 
District, students from Pioneer School District scored an average of 1.17 points higher 
when other predictors were held constant. Students from Castle, Arbor, and Valley 
School Districts scored an average of 0.16 point lower when other predictors were held 
constant. However, the school district differences were not statistically significant. 
Compared with students from teachers reporting an average of 0–25% low-reading-level 
students for their classes, students from teachers reporting an average of 25–50% low-
reading-level students scored an average of 0.07 point lower when other variables were 
held constant, and the difference was not statistically significant. However, students from 
teachers reporting an average of 50–75% low-reading-level students scored an average of 
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0.79 point lower when other variables were held constant, and the difference was 
statistically significant. For every 1-unit increase in the district-level student-teacher ratio 
(note that the larger ratio, the more students one teacher has), student post-engagement 
score decreased 0.24 point when other variables were held constant. For every 1-unit 
increase in the teacher’s self-reported presurvey score regarding their comfort level using 
interactive resources, their students’ post-Astronomy engagement score increased 0.13 
point when other variables were held constant. The implications of these results will be 
discussed in the next chapter. 
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CHAPTER V 
DISCUSSION AND CONCLUSIONS 
 
 
Summary  
 
 
This scale-up study investigated the impact of a teaching technology tool (the 
Curriculum Customization Service), curriculum, and online resources on earth science 
teachers and students. Study participants included 73 teachers and over 2,000 ninth-grade 
students within five public school districts in the central and western United States. 
Changes between pre- and postsurveys were examined to assess impacts on teachers. A 
standard multiple regression model was developed to identify the factors that might 
predict teachers’ attitudes, beliefs, and practices regarding the use of the tool and online 
resources in their lesson planning and classroom instruction. Impacts on students were 
discovered by examining changes between pre- and postsurveys regarding both their 
knowledge learning and their engagement with science learning. Four statistical models 
were developed. Factors from the district, teacher, and student levels were identified to 
predict students’ knowledge learning and their engagement with science learning. In 
addition, a nesting effect in EDG knowledge learning was identified and addressed by 
fitting a two-level HLM. The following paragraphs summarize the findings from this 
research, and key findings are listed in Table 37. 
 
 
 
 
 	  
64 
 
Table 37 
Key Study Findings 
Research Questions Significant Results 
1. What is the impact of 
the CCS on teachers’ 
attitudes, beliefs, and 
practices? What 
deployment site or 
teacher characteristics 
may predict such 
impact? 
1. The CCS tool appeared to significantly increase teachers’ 
awareness of other earth science teachers’ practices and their 
frequency of using interactive resources in their lesson 
planning and classroom teaching. 
2. The usage of the CCS tool tended to be low, and there were 
differences among school districts. 
3. “District” appeared to significantly predict teachers’ attitudes, 
beliefs, and practices regarding the use of the CCS tool and 
online resources. “Training condition” was negatively 
associated with teachers’ attitudes, beliefs, and practices 
regarding the use of the CCS tool and online resources. 
2. What is the impact of 
teachers’ CCS usage on 
their students’ learning 
outcomes and their 
engagement with 
learning earth science? 
What factors may 
predict such impact? 
For student learning outcomes: 
1. Students showed improvements from the pre- to post- 
knowledge assessments. EDG learning showed a nesting 
effect, while Astronomy learning did not. 
2. “District” and “number of teachers’ clicks in the ‘interactive 
resources’ area” were common significant factors in predicting 
both learning outcomes. An additional predictor for EDG 
learning was “number of CCS logins.” Additional predictors 
for Astronomy learning were “student engagement with 
learning sciences,” “teacher gender,” “teachers’ level of 
curriculum control in class,” “teachers’ presurvey score 
regarding student-centered customization,” and “number of 
shared items in CCS.” 
 
For student engagement with learning science: 
1. Students tended to be neutral or to slightly disagree that 
science learning was important in terms of using science in 
daily life, stimulating their thinking, discovering science 
concepts, and satisfying their own curiosity. 
2. Students did not appear to change their engagement level after 
the intervention. 
3. Teachers’ CCS usage did not appear to impact student 
engagement with learning earth science. The common 
significant factor in predicting student engagement level was 
“district level student-teacher ratio”. Additional predictors for 
EDG engagement level were “district” and “teachers’ expected 
use of interactive resources.” Additional predictors for 
Astronomy engagement level were “average % of low-
reading-level students” and “teachers’ comfort level with 
interactive resource use.” 
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Revisiting the Research Questions 
 
The following points illustrate the CCS impact on teachers: 
RQ1: What is the impact of CCS usage on teachers’ attitudes, beliefs, and practices? 
What deployment site or teacher characteristics may predict such impact? 
1. Teachers reported a significant increase in their awareness of other earth science 
teachers’ practices. Teachers tended to share their best practices and good ideas 
more frequently, be more comfortable in sharing such materials, and feel that such 
sharing became easier after the intervention. Therefore, the CCS tool seemed to 
promote the formation of an online professional learning community. Teachers 
also reported that they significantly increased their use of online resources in their 
lesson planning and classroom teaching. 
2. The CCS intervention appeared not to change teachers’ reported comfort level in 
searching and using interactive resources, their consideration of student-centered 
customization, their attitudes toward the CCS sharing function, the frequency with 
which they viewed or used other teachers’ materials, or the frequency with which 
they used the CCS. For the first two subscales, the “no gain” result may be due to 
a possible ceiling effect. Teachers’ presurvey scores were 8.40 and 8.31 on a scale 
ranging from 2 to 10, which left very limited room to show gains on the 
postsurvey.  
3. The CCS intervention tended to significantly impact teachers from those districts 
that participated in the CCS study for the first time. Recall that teachers from the 
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Highlands School District participated in the pilot study. Their presurvey scores 
were the highest on average but decreased slightly at the end of the intervention 
year. This may be due to the positive impact on teachers from the previous year’s 
study. In the remaining four school districts, there was a significant positive 
impact on teachers. 
4. Interestingly, none of the school- or teacher-level demographic variables 
significantly predicted teacher postsurvey scores. Unexpectedly, participating in 
CCS training was negatively associated with postsurvey scores. However, 
participating in CCS training was much more nuanced than a simple yes or no 
condition, and the binary variable used in this study may not have fully reflected 
such complexity. In addition, CCS training was provided before administering the 
teachers’ presurvey, so teachers receiving the training might have had higher 
expectations at the beginning than their untrained peers. 
5. Teachers appeared not to use the CCS tool very frequently, and there were 
differences among school districts. Teachers in the Pioneer School District used a 
different curriculum than teachers in other districts. Therefore, teachers from the 
Pioneer School District were expected to use the CCS less frequently. However, 
teachers from the Castle School District appeared to be less enthusiastic in 
integrating the CCS tool and online resources in their lesson planning. This may 
be due to a unique collaboration pattern in that district. According to an interview 
conducted by other researchers, one teacher led all lesson planning and performed 
the majority of the preparation work. Other teachers followed this lead teacher 
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and, as a result, may not have used the CCS tool directly. In contrast, teachers 
from Arbor School District seemed to use the CCS as part of their routine 
practice. Finally, teachers did not appear to favor DLESE items over other online 
resources and tended to search and use online resources from a wide variety of 
sources.  
In summary, teachers’ CCS use tended to significantly increase their awareness of 
other earth science teachers’ practices and their frequency in using interactive resources 
in their lesson planning and classroom teaching. However, overall CCS usage tended to 
be low and there were differences among school districts. In terms of predicting teachers’ 
attitudes, beliefs, and practices regarding the CCS tool and online resource use after the 
intervention, school district differences were identified. In addition, CCS training 
appeared to be negatively associated with teachers’ postsurvey score, and further 
investigations are needed in order to understand the impact of this variable. 
 
RQ2: What is the impact of teachers’ CCS usage on their students’ learning outcomes 
and their engagement with learning earth science? What factors may predict such impact? 
The following points may be made in terms of student learning outcomes: 
1. Students showed improvement from the pre- to post-knowledge assessments. 
Furthermore, student learning outcomes on the EDG test were different from the 
Astronomy test in that the EDG knowledge assessment revealed a nesting effect, 
while the Astronomy knowledge assessment showed no such teacher variation. 
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2. District differences existed on both the EDG and Astronomy knowledge 
assessments. Students from Castle and Valley School Districts had significantly 
higher postscores than students in the Highlands School District on both the EDG 
and Astronomy knowledge assessments. Arbor School District collected student 
data for only the EDG knowledge assessment, and its students’ postscores were 
significantly higher than those of students in the Highlands School District. 
Students from Pioneer School District achieved posttest scores similar to those of  
their peers in Highlands School District in EDG knowledge learning, while they 
did significantly better in Astronomy knowledge learning. In addition, students 
from Pioneer School District showed a small to medium gain in effect size in the 
Astronomy knowledge assessment, while their EDG knowledge assessment score 
decreased slightly from pre to post. 
3. Common significant predictors of student learning outcomes were school district 
and the number of teachers’ clicks in the “interactive resources” area. 
Interestingly, although there were significant differences among school districts, 
none of the district-level demographic variables significantly predicted student 
learning outcomes. A mixed picture arose from the number of teachers’ clicks in 
the “interactive resources” area: student EDG learning outcomes were positively 
associated with this variable, but Astronomy learning outcomes were negatively 
associated with it. However, both coefficients were very small (β = +/- .01). 
4. For student EDG learning outcomes, the additional significant predictor was the 
number of CCS logins. The direction of the prediction was opposite from that of 
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the other predictor of CCS usage—the number of teachers’ clicks in the 
“interactive resources” area. Students of teachers with a larger number of CCS 
logins tended to have significant but slightly lower posttest scores. Since the 
impact of how teachers use various CCS features still remains unclear and the 
overall CCS usage was low, the results may suggest a gap between teachers’ tool 
use and their effective application of it in their lesson planning and instruction. 
For example, teachers with more logins may not use the resources in their 
classroom teaching. 
5. For student Astronomy learning outcomes, several demographic variables showed 
predictive power. Students of female teachers tended to have high posttest scores. 
How teachers used their curriculum was also significantly associated with student 
posttest scores. It appeared that teachers’ adaptation of the curriculum led to 
better learning outcomes. This makes sense since flexible use of the curriculum 
can better fit student needs and may also leave room for teachers to introduce 
other beneficial teaching resources in instruction. Surprisingly, teachers’ 
presurvey scores regarding student-centered customization were negatively 
correlated with students’ posttest scores. This subscale asked teachers about how 
much they considered students’ specific learning needs when selecting materials 
for instruction, such as reading abilities, quantitative skills, cultural backgrounds, 
and life experiences. Note that this was a self-reported score and might not reflect 
teachers’ real practices in their curriculum choices. Alternatively, this result may 
suggest that teachers’ curriculum customizations were not effective. Finally, the 
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number of shared items was also a significant predictor. However, similar to the 
other CCS usage variable (the number of teachers’ clicks in the “interactive 
resources” area), the coefficient was very small (β = - .01). 
6. School district-level demographic variables seemed to lack power in predicting 
either learning outcome. Combined with the fact that there were significant 
differences among school districts, this result may suggest that demographic 
variables such as student-teacher ratio or the percentage of free/reduced lunches 
did not capture the differences well. 
7. Few teacher demographic variables were retained in the final model. For example, 
neither general teaching experience nor earth science teaching experience was a 
significant predictor of student learning outcomes. 
8. Variables capturing teachers’ self-reports about their student demographics were 
not significant in predicting student learning outcomes. This may be due to the 
fact that categorical variables capturing the average percentage of male students, 
the average percentage of ELL students, and the average percentage of low-
reading-level students were too general to reflect important student differences. 
The following points may be made in terms of students’ engagement with 
learning science: 
1. Overall, results suggest that students either were neutral or slightly disagreed that 
science learning was important in terms of using science in daily life, stimulating 
their thinking, discovering science concepts, and satisfying their own curiosity 
after learning either earth science unit. Furthermore, students did not appear to 
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change their view after the intervention. There are several plausible explanations 
other than an ineffective intervention: First, the integration of the CCS tool, 
curriculum, and online resources was not long enough to lead to changes. Second, 
teachers’ lesson planning and classroom teaching did not aim to increase students’ 
engagement level. Third, the survey questions were too general and the 5-point 
scale (from “strongly disagree” to “strongly agree”) was not sensitive enough to 
reflect changes. 
2. The common predictor for student engagement with learning science in both EDG 
and Astronomy was district-level student-teacher ratio. Students from the districts 
with larger student-teacher ratios (note that the larger ratio, the more students one 
teacher has) tended to view science learning as less important. District differences 
were identified only after the EDG learning. Students from the Pioneer School 
District appeared to be more neutral in the engagement survey compared with 
their peers from the Highlands School District. However, Castle, Arbor, and 
Valley School Districts did not show this trend. For the Astronomy unit, students’ 
engagement level was the same across all five school districts. It seemed that 
students’ engagement level was significantly associated with their teachers’ 
comfort level with or use of the interactive resources. However, the direction of 
the prediction was opposite: students from teachers expecting high usage of the 
interactive resources had lower scores on their post-engagement survey after the 
EDG unit, while students from teachers that expressed more comfort in using 
interactive resources tended to be more neutral in their opinion of the importance 
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of science learning. In addition, one teacher-reported student demographic 
variable, the average percentage of low-reading-level students across classes, 
seemed to predict student Astronomy engagement level. Compared with students 
of teachers who reported less than 25% low-reading-level students across classes, 
students of teachers who reported 50–75% low-reading-level students across 
classes tended to consider science learning as less important. 
In summary, the impact of teachers’ CCS usage on student learning outcome is 
not clear. First, it is very challenging to attribute students’ learning improvement to CCS 
integration since teachers’ overall usage was low. Also, from the modeling results, 
contradictory relationships were identified regarding the two CCS usage variables 
(number of CCS logins and number of clicks on the ‘interactive’ resource area), and both 
coefficients were very small when predicting EDG postassessment scores. When 
predicting students’ Astronomy postassessment scores, both CCS usage variables had a 
negative correlation and very small coefficients. It is not clear whether the significant but 
very small coefficient was the result of the large sample size or the scale differences 
between the outcome variable and the predictor.  
In addition, teachers’ presurvey scores on student-centered customization were 
also negatively correlated with students’ post-Astronomy knowledge assessment scores. 
However, we should be cautious in claiming that the more enthusiastic teachers were 
about student-centered customization, the lower their students’ post-Astronomy 
knowledge assessment scores were. Note that the presurvey score was a teacher self-
reported value and there might be a gap between teachers’ real classroom practice and 
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their self-reported score. Similarly, teachers’ expected use of interactive resources was 
negatively associated with students’ post-EDG engagement score. This might also be due 
to the gap between teachers’ expectation and real classroom teaching. 
 
Contributions and Implications of This Research 
 
This dissertation study contributes to educational research in the following ways: 
First, it studies the links among a technology-oriented science education tool; teachers’ 
attitudes, beliefs, and practices; and their students’ learning and engagement with science 
content. In a school setting, this study investigates the impacts of integrating a 
technology-oriented tool, curriculum, and online resources in earth science education. 
Results suggest that the CCS tool supported teachers in utilizing interactive resources in 
their lesson planning and classroom teaching. It also helped teachers share their best 
practices and form an online professional learning community. In terms of student 
impact, changes from pre- to postsurveys on learning outcomes were shown. The 
combination of a variety of factors was identified to connect teachers and students and 
show the chain of impact. However, how teachers’ use of the CCS tool impacts student 
learning outcomes still remains unclear. Meanwhile, teachers’ use of the CCS tool tended 
not to change student engagement with science learning. 
Second, the findings add to the understanding of how technology-oriented tools 
may have large-scale impacts on science teachers and students. With this scaled-up study, 
it was possible to investigate school district differences, and the results suggest 
heterogeneity among the participating school districts.  
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Third, the multilevel factors investigated provide evidence to confirm existing 
findings in the science education literature. Teaching experiences as a nonsignificant 
predictor resonated with findings in the literature (Liu et al., 2010). In addition, school 
district-level demographic variables have rarely been examined in the literature and the 
results here suggest that they might not significantly impact student knowledge learning. 
However, district-level student-teacher ratio appeared to be associated with students’ 
engagement level. 
Finally, the study contributes a methodology for handling large datasets, 
addressing nesting effects, and using advanced modeling techniques (e.g., HLM) to 
analyze educational datasets. Due to the large sample size and multiple data sources, a 
tremendous amount of work was necessary to screen and clean the data. The key steps in 
the data cleaning and analysis process included the following:  
• checking spurious data and coding the variables; 
• examining the validity and reliability of the instruments; 
• adjusting subscales to the same scale for comparisons; 
• merging data from multiple sources; 
• imputing missing data using multiple imputation; 
• calculating descriptive and effect sizes; 
• checking various assumptions and transferring variables if necessary, 
including the nesting effect; 
• conducting appropriate bivariate correlations to select predictor 
candidates; 
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• testing models iteratively; and 
• performing model diagnosis and postestimation. 
In addition to the above contributions, the findings from this study also show that 
to successfully conduct a large-scale educational study, researchers need to pay attention 
to many aspects of the research design and implementation. For example, the pilot study 
should serve not only as a trial for the instruments, but also as a test for the logistics of 
the actual data collection process. Researchers also need to expect some challenges and 
remain flexible. For example, when the instruments used in this study for the student 
knowledge assessments appeared to be problematic, additional analysis such as Item 
Response Theory was applied to identify the ill-structured items and refine the 
instruments. Moreover, several data screening steps were repeated due to additional data 
collection.  Such unexpected occurrences can prolong the time needed to conduct the 
research.  
In terms of the practical significance, the results provide information to policy 
makers and classroom teachers. For example, district-level student-teacher ratio 
consistently and negatively predicted student engagement level, suggesting that policy 
makers should pursue lower student-teacher ratios to effectively engage earth science 
learners. Results also suggest that students’ engagement relates to their reading level; 
reading difficulty may significantly and negatively impact students’ engagement and may 
indirectly influence their achievement as well. In addition, results show that the teachers’ 
level of curriculum control appeared to be significantly associated with student learning 
outcomes. Students of teachers who reported that they used the curriculum as a guide or 
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used it autonomously had significantly better learning outcomes than students of teachers 
who reported that they followed the curriculum. This finding supports the idea that 
teachers use curricula in different ways. 
 
Limitations and Future Work 
 
  
Some of the potential limitations of this dissertation study are discussed below. 
First is the non-randomized controlled trial (RCT) design. Obviously, the teachers who 
participated were those who were interested in the CCS intervention as well as 
enthusiastic about educational research; therefore their opinions may be biased. However, 
instead of a randomized control trial, the present non-RCT design has the advantage of 
providing information about how teachers use the tool and online resources in teaching 
and how it may impact students in the real world. 
The second limitation is measurement error. For example, teachers completed the 
pre- and postsurveys online according to their own schedules. Researchers had no control 
over the circumstances of the survey administration. Furthermore, the self-reported 
teacher surveys tended to measure teachers’ self-efficacy regarding the tool use and other 
instructional activities. Since the presurvey was conducted after their training on the CCS 
tool, teachers may have overinflated their expectations at the beginning of the 
intervention year. For the student assessment, the student engagement survey was 
conducted with the pretest and the second posttest (the last unit of the knowledge 
assessment). However, some districts taught the EDG unit first, while others taught the 
Astronomy unit first. The different order may have influenced the results. Students may 
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have been frustrated and less engaged with science learning if they did not do well on the 
knowledge assessment. In a future study, researchers should take the testing sequences 
into consideration in order to minimize the potential measurement error. In terms of the 
CCS usage data, although the system automatically recorded usage information, it might 
have lacked precision in capturing real usage patterns such as sharing accounts. In future 
studies, follow-up checking could be added to ensure the correct use of the tool. 
Third, teachers’ CCS professional development (PD) varied in terms of the format 
and the amount of CCS training received. Some teachers attended face-to-face PD, some 
attended a webinar PD, and some did not attend CCS PD at all. Furthermore, some 
teachers participated in the pilot study and received the CCS training twice, while other 
teachers were new to the system and trained only once. Instead of a binary variable to 
describe the training condition, additional variables could help identify the impact of the 
PD. 
Fourth, a large portion of the data was collected from the Pioneer School District. 
However, the CCS tool was designed to support the curriculum and state standards of the 
other four school districts. Meanwhile, for student Astronomy knowledge learning, the 
attrition rate of student data from Highlands School District was high and no data from 
Arbor School District were collected. Therefore, the results may not fully reveal the 
CCS’s impact on teachers and students. In a future study, a different sampling strategy 
may produce a more representative sample. In addition, only students’ engagement with 
science learning and the pre-knowledge assessment score were collected as the predictors 
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from individual students due to the IRB constraints. Future studies should collect more 
self-reported student information to increase the power for overall model fitting. 
In addition, the results from the post hoc power analysis suggest that the statistical 
power for the teacher matched-sample t tests was .4. Although all teachers in the 
participating school districts were invited, the nonsignificant findings may be due to the 
relatively low sample size. 
Despite these challenges and limitations, this large-scale study provides evidence 
from a “real world learning laboratory” and shows some positive impact of integrating a 
technology-oriented tool, curriculum, and online resources in secondary science 
education, especially on teachers’ attitudes, beliefs, and practices. However, to 
understand how teachers used the tool for various instructional activities and to further 
clarify unexpected findings, the quantitative results of this study should be triangulated 
with the qualitative results. 
 In addition, further investigations are needed to answer the following research 
questions: why was some teachers’ CCS usage low? What were teacher usage patterns 
regarding using the tool and online resources? How can the student knowledge 
assessment instruments be improved? And how can CCS training be made more 
effective? 
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Appendix A 
Factor Loadings from the Principal Component Analysis with Orthogonal Varimax 
Rotation 
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Factor 
(Reliability) 
Survey Item  Factor 
Loadings 
Factor 1   
WHEN PLANNING INSTRUCTION AND PREPARING 
MATERIALS, how frequently do you use The Curriculum 
Customization Service (CCS)? 
.702 
How frequently do you use the CCS to: 
Look for interactive resources to improve student engagement and 
capture their interest? 
.946 
Look for interactive resources to introduce new ideas or concepts to the 
whole class 
.952 
Look for interactive resources to discuss common misconceptions with 
the whole class 
.941 
Look for interactive resources to address specific misconceptions of 
individual learners or small groups 
.928 
Look for interactive resources to address differences in abilities of 
individual learners or small groups (e.g., ESL, gifted and talented, 
quantitative skills) 
.920 
Look for interactive resources that offer alternative representations of 
scientific concepts or phenomena 
.952 
Frequency of 
using CCS 
(α= .98) 
Look for interactive resources to enhance my own content knowledge .922 
Factor 2   
Rate your level of comfort with the following actions:  
Searching for interactive resources that add to my own background 
knowledge 
.873 
Searching for interactive resources that give me new ideas .887 
Searching for interactive resources that align with my curriculum 
standards 
.867 
Creating a lesson plan that incorporates interactive resources .710 
Using interactive resources in my classroom instruction .872 
Comfort in 
searching and 
using 
Interactive 
Resource 
(α= .91) 
Having my students use interactive resources to support their own 
research 
.634 
Factor 3   
I have a strong awareness of the CLASSROOM INSTRUCTION 
practices of other Earth science educators at different schools in my 
district 
.731 
Sharing best practices and good ideas has been a routine practice 
among Earth science educators in my district 
.819 
I have felt very comfortable sharing my materials and ideas with other 
Earth science educators in my district 
.764 
Awareness of 
others  
(α= .84) 
It has been easy to share materials and ideas with other Earth science 
educators in my district 
.822 
Factor 4   
The ability to upload files and add links to My Stuff is useful to me .888 Share materials 
with others  The ability to upload files and add links to Shared Stuff is useful to me .868 
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(α= .97) The ability to save shared materials to My Stuff is useful to me .878 
Factor 5   
When selecting materials for instruction, I need to consider the specific 
learning needs to these students:  
Individual students with different knowledge, skills, or abilities 
.846 
Students with different reading abilities (e.g., ELA or Special Ed) .777 
Students with different quantitative skills .885 
Student 
centered 
customization 
(α= .90) 
Students with different cultural backgrounds and life experiences .737 
Factor 6    
How often did you use interactive resources for curriculum planning?  .845 Frequency of 
using 
Interactive 
Resources 
(α= .91) 
How often did you use interactive resources in classroom instruction? .859 
Factor 7   
Attitude toward 
Inquiry-based 
learning  
(α= .95) 
Rate your level of agreement or disagreement with the following 
statements: 
 
I think inquiry based learning is a valuable approach to teaching 
 
.901 
 I think inquiry based learning is an effective approach to teaching .893 
Factor 8   
How often did you use materials created by other educators in your 
district? 
.912 share materials 
from others 
(α= .90) How often did you look at materials created by other educators in your 
district for ideas and inspiration? 
.827 
Factor 9   
I think student centered instruction is a valuable approach to teaching .867 Attitude toward 
Student-
centered 
learning 
(α= .93)  
I think student centered instruction is an effective approach to teaching .856 
Factor 10   
Rate your agreement or disagreement with the following statements 
when choosing interactive resources for your classroom: 
Easy to adapt to my needs 
.790 
Easy to locate/review .859 
standards of 
choosing 
interactive 
resources 
(α= .86) Are culturally/developmentally appropriate .614 
Factor 11   
I am confident using inquiry based learning in the classroom .793 Inquiry-based 
learning usage 
(α= .85)  I frequently use inquiry based learning in the classroom .859 
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Appendix B 
Teacher Multiple Regression Model 
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regress tch_survey_total_7items_post  tch_survey_total_7items_pre i.district_3units i.ccs_trained if district<6 
 
      Source |       SS       df       MS              Number of obs =      73 
-------------+------------------------------           F(  4,    68) =   17.98 
       Model |  1694.97996     4   423.74499           Prob > F      =  0.0000 
    Residual |  1602.67506    68   23.568751           R-squared     =  0.5140 
-------------+------------------------------           Adj R-squared =  0.4854 
       Total |  3297.65502    72  45.8007642           Root MSE      =  4.8548 
 
------------------------------------------------------------------------------ 
tch_survey~t |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
tch_surve~re |   .6226862   .0792711     7.86   0.000     .4645032    .7808693 
             | 
district_3~s | 
          1  |   1.593627   1.336921     1.19   0.237    -1.074158    4.261413 
          2  |   3.513374   1.626981     2.16   0.034     .2667837    6.759964 
             | 
1.ccs_trai~d |  -3.772986   1.466592    -2.57   0.012    -6.699526   -.8464471 
       _cons |   20.20331   3.968403     5.09   0.000     12.28449    28.12214 
------------------------------------------------------------------------------ 
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Appendix C 
Student EDG HLM Null Model 
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xtmixed EDG_total_post_16item if st_pre_spurious==0 & EDGspurious==0 & EDG_merge==3 || teacheruid: , var 
 
Performing EM optimization:  
 
Performing gradient-based optimization:  
 
Iteration 0:   log restricted-likelihood =  -5322.519   
Iteration 1:   log restricted-likelihood =  -5322.519   
 
Computing standard errors: 
 
Mixed-effects REML regression                   Number of obs      =      2170 
Group variable: teacheruid                      Number of groups   =        31 
 
                                                Obs per group: min =         9 
                                                               avg =      70.0 
                                                               max =       175 
 
 
                                                Wald chi2(0)       =         . 
Log restricted-likelihood =  -5322.519          Prob > chi2        =         . 
 
------------------------------------------------------------------------------ 
EDG~t_16item |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       _cons |   8.883741   .1993541    44.56   0.000     8.493014    9.274468 
------------------------------------------------------------------------------ 
 
------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Identity         | 
                  var(_cons) |   1.060538   .3257317      .5808846    1.936256 
-----------------------------+------------------------------------------------ 
               var(Residual) |   7.662793   .2343907      7.216895    8.136241 
------------------------------------------------------------------------------ 
LR test vs. linear regression: chibar2(01) =   170.27 Prob >= chibar2 = 0.0000 
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Appendix D 
Student EDG Knowledge Assessment HLM (Model 4) and Goodness of Fit Statistics 
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xtmixed  EDG_total_post_16item centEDGpre centEDGengagement i.district_3units cent_years_es 
i.class_control_curriculum_mi cent_login cent_ir_click cent_sp_ed_st cent_low_ses_st cent_low_reading_level 
cent_fr_lunch_per L2_EDGPre L2_EDGengagement  if st_pre_spurious==0 & EDGspurious==0 & EDG_merge==3 || 
teacheruid: centEDGpre , var cov(un) 
Performing EM optimization:  
Performing gradient-based optimization:  
Iteration 0:   log restricted-likelihood = -5029.2605   
Iteration 1:   log restricted-likelihood = -5029.2571   
Iteration 2:   log restricted-likelihood = -5029.2571   
 
Computing standard errors: 
Mixed-effects REML regression                   Number of obs      =      2170 
Group variable: teacheruid                      Number of groups   =        31 
 
                                                Obs per group: min =         9 
                                                               avg =      70.0 
                                                               max =       175 
 
 
                                                Wald chi2(15)      =    452.24 
Log restricted-likelihood = -5029.2571          Prob > chi2        =    0.0000 
 
------------------------------------------------------------------------------ 
EDG~t_16item |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
  centEDGpre |   .4660514   .0263296    17.70   0.000     .4144463    .5176565 
centEDGeng~t |   .0788715   .0172775     4.56   0.000     .0450082    .1127348 
             | 
district_3~s | 
          1  |   .2218388   .9711656     0.23   0.819    -1.681611    2.125288 
          2  |   1.209709   1.008407     1.20   0.230    -.7667319    3.186149 
             | 
cent_years~s |   .0191869   .0189025     1.02   0.310    -.0178615    .0562352 
             | 
class_cont~i | 
          1  |  -.0994903   .3927133    -0.25   0.800    -.8691941    .6702136 
          2  |   .3777158   .5383141     0.70   0.483    -.6773604    1.432792 
             | 
  cent_login |  -.0189561   .0088572    -2.14   0.032    -.0363159   -.0015963 
cent_ir_cl~k |   .0461693   .0249695     1.85   0.064      -.00277    .0951087 
cent_sp_ed~t |  -.0090711   .2043239    -0.04   0.965    -.4095386    .3913965 
cent_low_s~t |  -.0657849   .1999658    -0.33   0.742    -.4577107    .3261409 
cent_low_r~l |  -.1470554   .2440274    -0.60   0.547    -.6253404    .3312296 
cent_fr_lu~r |   .0087583   .0178322     0.49   0.623    -.0261921    .0437088 
   L2_EDGPre |   .2946808   .1732205     1.70   0.089    -.0448253    .6341868 
L2_EDGenga~t |   .4274725    .272756     1.57   0.117    -.1071193    .9620644 
       _cons |   1.900716   2.271602     0.84   0.403    -2.551541    6.352974 
------------------------------------------------------------------------------ 
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------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Unstructured     | 
               var(centED~e) |   .0063641   .0046129      .0015373    .0263459 
                  var(_cons) |   .2546295   .1522508      .0788768    .8219931 
         cov(centED~e,_cons) |  -.0018833   .0245056     -.0499133    .0461467 
-----------------------------+------------------------------------------------ 
               var(Residual) |   5.791807   .1783337      5.452617    6.152096 
------------------------------------------------------------------------------ 
LR test vs. linear regression:       chi2(3) =    18.61   Prob > chi2 = 0.0003 
 
 
estat ic 
 
----------------------------------------------------------------------------- 
       Model |    Obs    ll(null)   ll(model)     df          AIC         BIC 
-------------+--------------------------------------------------------------- 
           . |   2170           .   -5029.257     20     10098.51    10212.16 
----------------------------------------------------------------------------- 
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Appendix E 
Student EDG Knowledge Assessment HLM (Model 6) and Goodness of Fit Statistics 
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xtmixed  EDG_total_post_16item centEDGpre  i.district_3units  cent_login cent_ir_click   L2_EDGPre  if 
st_pre_spurious==0 & EDGspurious==0 & EDG_merge==3 || teacheruid: centEDGpre ,var cov(un) 
Performing EM optimization:  
Performing gradient-based optimization:  
Iteration 0:   log restricted-likelihood = -5030.2301   
Iteration 1:   log restricted-likelihood = -5030.2244   
Iteration 2:   log restricted-likelihood = -5030.2244   
 
Computing standard errors: 
 
Mixed-effects REML regression                   Number of obs      =      2170 
Group variable: teacheruid                      Number of groups   =        31 
 
                                                Obs per group: min =         9 
                                                               avg =      70.0 
                                                               max =       175 
 
 
                                                Wald chi2(6)       =    438.47 
Log restricted-likelihood = -5030.2244          Prob > chi2        =    0.0000 
 
------------------------------------------------------------------------------ 
EDG~t_16item |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
  centEDGpre |    .488272   .0264957    18.43   0.000     .4363415    .5402026 
             | 
district_3~s | 
          1  |   .3340334   .3745054     0.89   0.372    -.3999836     1.06805 
          2  |   1.118895   .3814808     2.93   0.003     .3712068    1.866584 
             | 
  cent_login |  -.0185675   .0053885    -3.45   0.001    -.0291288   -.0080063 
cent_ir_cl~k |   .0438229   .0172881     2.53   0.011     .0099388    .0777069 
   L2_EDGPre |   .4625517   .0832854     5.55   0.000     .2993153     .625788 
       _cons |   4.535892   .6104113     7.43   0.000     3.339508    5.732277 
------------------------------------------------------------------------------ 
 
------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Unstructured     | 
               var(centED~e) |   .0070955   .0048632      .0018517    .0271887 
                  var(_cons) |   .1937976   .1087816      .0644994    .5822923 
         cov(centED~e,_cons) |  -.0126908   .0208204     -.0534981    .0281165 
-----------------------------+------------------------------------------------ 
               var(Residual) |   5.852321   .1803464      5.509311    6.216686 
------------------------------------------------------------------------------ 
LR test vs. linear regression:       chi2(3) =    21.60   Prob > chi2 = 0.0001 
 
 
estat ic 
 
----------------------------------------------------------------------------- 
       Model |    Obs    ll(null)   ll(model)     df          AIC         BIC 
-------------+--------------------------------------------------------------- 
           . |   2170           .   -5030.224     11     10082.45    10144.96 
----------------------------------------------------------------------------- 
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Appendix F 
Student Astronomy Knowledge Assessment HLM Null Model 
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xtmixed AST_total_post_8item if st_pre_spurious==0 & ASTspurious==0 & AST_merge==3 || teacheruid : , var 
 
Performing EM optimization:  
 
Performing gradient-based optimization:  
 
Iteration 0:   log restricted-likelihood =  -3992.372   
Iteration 1:   log restricted-likelihood =  -3992.372   
 
Computing standard errors: 
 
Mixed-effects REML regression                   Number of obs      =      2035 
Group variable: teacheruid                      Number of groups   =        27 
 
                                                Obs per group: min =        10 
                                                               avg =      75.4 
                                                               max =       175 
 
 
                                                Wald chi2(0)       =         . 
Log restricted-likelihood =  -3992.372          Prob > chi2        =         . 
 
------------------------------------------------------------------------------ 
AST_~t_8item |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       _cons |   4.354407   .0973911    44.71   0.000     4.163524     4.54529 
------------------------------------------------------------------------------ 
 
------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Identity         | 
                  var(_cons) |   .1988088   .0683546      .1013386    .3900285 
-----------------------------+------------------------------------------------ 
               var(Residual) |   2.894422   .0913019      2.720893    3.079018 
------------------------------------------------------------------------------ 
LR test vs. linear regression: chibar2(01) =    97.29 Prob >= chibar2 = 0.0000 
 
 	  
99 
 
 
 
 
 
 
 
 
 
 
 
 
Appendix G 
Student Astronomy Knowledge Assessment Multiple Regression Model 
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regress AST_total_post_8item AST_total_pre_8item  i.district_3units i.gender_mi i.class_control_curriculum_new  
tch_customizing_fa6_pre_tra interactiveresourcesir_click numberofsha reditems engagement_pre_dmi if astset2d 
<.0019656 
 
      Source |       SS       df       MS              Number of obs =    1924 
-------------+------------------------------           F( 10,  1913) =   54.58 
       Model |  1175.68647    10  117.568647           Prob > F      =  0.0000 
    Residual |   4120.5022  1913  2.15394783           R-squared     =  0.2220 
-------------+------------------------------           Adj R-squared =  0.2179 
       Total |  5296.18867  1923  2.75412827           Root MSE      =  1.4676 
 
------------------------------------------------------------------------------ 
AST_~t_8item |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
AST_~e_8item |   .3475652   .0235052    14.79   0.000     .3014667    .3936637 
             | 
district_3~s | 
          1  |   .6894393   .3274764     2.11   0.035      .047191    1.331688 
          2  |   .9755222    .330895     2.95   0.003     .3265694    1.624475 
             | 
 1.gender_mi |   .5087274   .0769433     6.61   0.000     .3578258     .659629 
             | 
class_cont~w | 
          1  |   .2057732   .1003447     2.05   0.040     .0089767    .4025697 
          2  |   .3185297   .1290831     2.47   0.014     .0653713    .5716881 
             | 
tch_custom~a |  -.7061049   .1491299    -4.73   0.000    -.9985792   -.4136306 
interactiv~k |  -.0096756   .0048249    -2.01   0.045    -.0191382   -.0002129 
numberofsh~s |  -.0071703   .0014243    -5.03   0.000    -.0099638   -.0043769 
engage~e_dmi |    .095047   .0110032     8.64   0.000     .0734674    .1166265 
       _cons |   3.210647   .5913737     5.43   0.000     2.050842    4.370452 
------------------------------------------------------------------------------ 
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Appendix H 
Student EDG Engagement HLM Null Model 
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xtmixed engagement__EDG_post_dmi if st_pre_spurious==0 & EDGspurious==0 & EDG_merge==3 || teacheruid: , 
var 
 
Performing EM optimization:  
 
Performing gradient-based optimization:  
 
Iteration 0:   log restricted-likelihood = -5799.6129   
Iteration 1:   log restricted-likelihood = -5799.6129   
 
Computing standard errors: 
 
Mixed-effects REML regression                   Number of obs      =      2170 
Group variable: teacheruid                      Number of groups   =        31 
 
                                                Obs per group: min =         9 
                                                               avg =      70.0 
                                                               max =       175 
 
 
                                                Wald chi2(0)       =         . 
Log restricted-likelihood = -5799.6129          Prob > chi2        =         . 
 
------------------------------------------------------------------------------ 
e~G_post_dmi |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       _cons |   9.472799   .1235794    76.65   0.000     9.230588     9.71501 
------------------------------------------------------------------------------ 
 
------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Identity         | 
                  var(_cons) |   .2504146   .1271353      .0925775    .6773513 
-----------------------------+------------------------------------------------ 
               var(Residual) |    12.1222   .3708558       11.4167     12.8713 
------------------------------------------------------------------------------ 
LR test vs. linear regression: chibar2(01) =    15.38 Prob >= chibar2 = 0.0000 
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Appendix I 
Student EDG Engagement Multiple Regression Model 
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regress engagement__EDG_post_dmi engagement_pre_dmi  i.district_3units tch_useIR_fre_fa7_pre_tra  st_tch_ratio  
if st_pre_spurious==0 & EDGspurious==0 & EDG_merge==3 & EDGengaged<.00184332 & abs(EDGengager)<2 
 
      Source |       SS       df       MS              Number of obs =    1993 
-------------+------------------------------           F(  5,  1987) =  186.79 
       Model |  5255.09209     5  1051.01842           Prob > F      =  0.0000 
    Residual |  11180.2623  1987  5.62670471           R-squared     =  0.3197 
-------------+------------------------------           Adj R-squared =  0.3180 
       Total |  16435.3544  1992   8.2506799           Root MSE      =  2.3721 
 
------------------------------------------------------------------------------ 
e~G_post_dmi |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
engage~e_dmi |   .5248242   .0178431    29.41   0.000      .489831    .5598174 
             | 
district_3~s | 
          1  |   1.424555   .4793795     2.97   0.003     .4844158    2.364694 
          2  |   .0112067   .2671164     0.04   0.967    -.5126509    .5350643 
             | 
tch_useIR_~a |  -.2473354   .1173945    -2.11   0.035    -.4775646   -.0171063 
st_tch_ratio |   -.201539   .0654967    -3.08   0.002    -.3299884   -.0730896 
       _cons |   9.055611    1.17749     7.69   0.000     6.746365    11.36486 
------------------------------------------------------------------------------ 
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Appendix J 
Student Astronomy Engagement HLM Null Model 
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xtmixed engagement_AST_post_dmi if st_pre_spurious==0 & ASTspurious==0 & AST_merge==3 || teacheruid : , var 
 
Performing EM optimization:  
 
Performing gradient-based optimization:  
 
Iteration 0:   log restricted-likelihood = -5436.6277   
Iteration 1:   log restricted-likelihood =  -5436.627   
Iteration 2:   log restricted-likelihood =  -5436.627   
 
Computing standard errors: 
 
Mixed-effects REML regression                   Number of obs      =      2035 
Group variable: teacheruid                      Number of groups   =        27 
 
                                                Obs per group: min =        10 
                                                               avg =      75.4 
                                                               max =       175 
 
 
                                                Wald chi2(0)       =         . 
Log restricted-likelihood =  -5436.627          Prob > chi2        =         . 
 
------------------------------------------------------------------------------ 
e~T_post_dmi |      Coef.   Std. Err.      z    P>|z|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
       _cons |   9.506012   .1112855    85.42   0.000     9.287897    9.724128 
------------------------------------------------------------------------------ 
 
------------------------------------------------------------------------------ 
  Random-effects Parameters  |   Estimate   Std. Err.     [95% Conf. Interval] 
-----------------------------+------------------------------------------------ 
teacheruid: Identity         | 
                  var(_cons) |   .1406635    .097197      .0363087    .5449448 
-----------------------------+------------------------------------------------ 
               var(Residual) |   12.14238   .3834089       11.4137    12.91759 
------------------------------------------------------------------------------ 
LR test vs. linear regression: chibar2(01) =     5.03 Prob >= chibar2 = 0.0124 
 	  
107 
 
 
 
 
 
 
 
 
 
 
 
 
Appendix K 
Student Astronomy Engagement Multiple Regression Model 
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regress engagement_AST_post_dmi engagement_pre_dmi  i.district_3units i.low_reading_level_pctg  st_tch_ratio  
tch_IR_comf_fa2_pre_ntra if st_pre_spurious==0 & ASTspurious==0 & AST_merge==3 & ASTengaged <.0019656 
& abs(ASTengager)<2 
 
      Source |       SS       df       MS              Number of obs =    1866 
-------------+------------------------------           F(  7,  1858) =  170.45 
       Model |  6379.38589     7  911.340842           Prob > F      =  0.0000 
    Residual |  9934.31155  1858  5.34677694           R-squared     =  0.3910 
-------------+------------------------------           Adj R-squared =  0.3888 
       Total |  16313.6974  1865  8.74729085           Root MSE      =  2.3123 
 
------------------------------------------------------------------------------ 
e~T_post_dmi |      Coef.   Std. Err.      t    P>|t|     [95% Conf. Interval] 
-------------+---------------------------------------------------------------- 
engage~e_dmi |    .596068   .0178697    33.36   0.000     .5610212    .6311149 
             | 
district_3~s | 
          1  |   1.166262   .6214884     1.88   0.061     -.052627    2.385151 
          2  |  -.1586493   .4488065    -0.35   0.724    -1.038867    .7215686 
             | 
low_readin~i | 
          2  |   -.066811   .1774125    -0.38   0.707    -.4147598    .2811378 
          3  |  -.7866314   .1922778    -4.09   0.000    -1.163735   -.4095281 
             | 
st_tch_ratio |  -.2395823   .0794639    -3.01   0.003    -.3954303   -.0837343 
tch_IR_com~a |    .130706   .0462599     2.83   0.005     .0399792    .2214327 
       _cons |   7.745849   1.542214     5.02   0.000     4.721195     10.7705 
----------------------------------------------------------------------------- 
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Appendix L 
 
Correlation Table for the EDG Knowledge HLM 
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Dependent variable Skewness Kurtosis   
student EDG post test score -0.1364952 2.625609   
Predictor variable Skewness Kurtosis Correlation between DV&IV Data source 
EDG_total_pre_16item -0.0996962 2.495203 r=.52, p= .0001 
student knowledge 
assessment 
total_logins_raw 2.416044 8.179608 rho=-.0633, p=.0032 CCS usage data 
 avg_session_length_10mins 1.352813 4.192456 rho=-.0529, p-.0138   
interactiveresourcesir_click      rho=.0326, p=.1294   
 numberofdleseitems     rho=.0056, p=.7936   
numberofshareditems     rho=-.0359, p=.0949   
numberofmystuffitems     rho=-.0854, p=.0001   
ccs_trained     rho = -0.1265, p= .0000 
teacher 
demographics 
class_periods     rho =-0.0203, p= .3440   
science_degree_certification     n/a   
challenging_classes     rho=0.1128,p=.0001   
challenge_class_management     rho=-.1205,p=.0001   
sig_sp_ed_st     rho=-.1576, p=.0001   
sig_low_ses_st     rho=-.2028,p=.0001   
male_pctg     rho=.0796, p=.0002   
ell_pctg      rho=-.1202,p=.0001   
low_reading_level_pctg     rho=-.1830, p=.0001   
yearsinteaching_total     rho=.0079, p=.7114   
yearsinteaching_es     rho= .0499, p=.0200   
highest_degree     rho=.0305, p=.1555   
gender     pbis=.0283, t=.1877   
ethnicity     n/a   
age     rho= -.0229, p=.2855   
es_class_size_mi     rho=.0364. p=.0899   
class_control_curriculum     rho=.0635, p=.0031   
district     n/a 
district 
demographics 
st enrollment per 1000     r=.0046, p=.8306   
tch avg salary per 1000     r=.1382, p=.0001   
district per st expenditure     r=.0288,p=.1800   
st tch ratio     r=.0607,p=.0047   
free/reduced lunch     r=-.1977, p=.0001   
st ethnicity % of white     r=.1172, p=.0001   
awareness of others   -0.2912313 2.823025 r=-.0790, p=.0002 teacher survey 
sharing materials with others  -0.1416235 3.421698 r=..0442, p=.0396   
sharing materials from others  0.1054315 2.096383 r=-.0145, p=.5001   
frequency of CCS use  0.6915322 2.148102 r=-.1126, p=.0001   
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student centered customization  -0.3076306 2.211918 r=-.1477, p=.0001   
comfort level in searching and 
using interactive resources  -0.4385516 2.464096 r= .0308, p=.1517   
frequency of using interactive 
recourses  -0.909408 3.52864 r=-.0257, p=.2311   
engagement_pre_dmi     r=.2092, =.0001 
student engagement 
survey 
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Appendix M 
 
Correlation Table for the Student Astronomy Knowledge Multiple Regression Model 
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Dependent variable Skewness Kurtosis   
student AST post knowledge score -0.1790601 2.447961   
Predictor variable Skewness Kurtosis 
Correlation 
between DV & IV Data source 
AST_total_pre_8item     r=.33, =.0001 
student knowledge 
assessment 
total_logins_raw 2.416044 8.179608 rho=-.08, p=.001 CCS usage data 
 avg_session_length_10mins 1.352813 4.192456 rho=-.03, p=.20   
interactiveresourcesir_click      rho=-.03, p=.14   
 numberofdleseitems     rho=-.03, p=.16   
numberofshareditems     rho=-.12, p=.001   
numberofmystuffitems     rho =-.13, p= .001   
ccs_trained     rho=-.06, p=.004 
teacher 
demographics 
class_periods     rho =-.03, p= .12   
science_degree_certification     n/a   
challenging_classes     rho=-.09, p=.001   
challenge_class_management     rho=-.14,p=.001   
sig_sp_ed_st     rho=-.15,p=.001   
sig_low_ses_st     rho=-.14, p=.001   
male_pctg     rho=-.07,p=.001   
ell_pctg      rho=-.01, p=.51   
low_reading_level_pctg     rho=-.13, p=.01   
yearsinteaching_total     rho=-.003, p=.89   
yearsinteaching_es     rho= .04, p=.06   
highest_degree     rho=-.02, p=.34   
gender     pbis=.07, t=-3.02   
ethnicity     n/a   
age     rho=-.03, p=.21   
es_class_size_mi     rho=.09. p=.001   
class_control_curriculum     rho=.12, p=.001   
district     n/a 
district 
demographics 
st enrollment per 1000     r=.11, p=.001   
tch avg salary per 1000     r=.10, p=.001   
district per st expenditure     r=-.04, p=.10   
st tch ratio     r=.10,p=.001   
free/reduced lunch     r=-.17, p=.001   
st ethnicity % of white     r=.10, p=.001   
awareness of others   -0.2912313 2.823025 r=-.12, p=.001 teacher survey 
sharing materials with others  -0.1416235 3.421698 r=-.04, p=.08   
sharing materials from others  0.1054315 2.096383 r=-.13, p=.001   
frequency of CCS use  0.6915322 2.148102 r=-.07, p=.003   
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student centered customization  -0.3076306 2.211918 r=-.10, p=.001   
comfort level in searching and using 
interactive resources  -0.4385516 2.464096 r=.09, p=.05   
frequency of using interactive 
recourses  -0.909408 3.52864 r=.02, p=.01   
engagement_pre_dmi   -0.0996962 2.495203 r=.22, p= .0001 
student engagement 
survey 
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Appendix N 
 
Correlation Table for the Student EDG Engagement Multiple Regression Model  
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Dependent variable Skewness Kurtosis   
student EDG post engagement score -0.604716 3.31974   
Predictor variable Skewness Kurtosis 
Correlation 
between DV&IV Data Source 
engagement_pre_dmi   -0.0996962 2.495203 r=.36, p= .0001 
student engagement 
survey 
total_logins_raw 2.416044 8.179608 rho=-.007, p=.73 CCS usage data 
 avg_session_length_10mins 1.352813 4.192456 rho=.09, p=.01   
interactiveresourcesir_click      rho=-.04, p=.08   
 numberofdleseitems     rho=.04, p=.04   
numberofshareditems     rho=.002, p=.93   
numberofmystuffitems     rho=.03, p=.02   
ccs_trained     rho = .05, p= .01 
teacher 
demographics 
class_periods     rho =.06, p= .01   
science_degree_certification     n/a   
challenging_classes     rho=-.05,p=.02   
challenge_class_management     rho=-.001,p=.92   
sig_sp_ed_st     rho=-.002,p=.94   
sig_low_ses_st     rho=-.02, p=.03   
male_pctg     rho=-.01,p=.50   
ell_pctg      rho=-.03, p=.24   
low_reading_level_pctg     rho=-.03, p=.12   
yearsinteaching_total     rho=-.06, p=.01   
yearsinteaching_es     rho= .04, p=.05   
highest_degree     rho=-.05, p=.1555   
gender     pbis=-.07, t=-3.39   
ethnicity     n/a   
age     rho= -.02, p=.37   
es_class_size_mi     rho=.09. p=.01   
class_control_curriculum     rho=.01, p=.52   
district     n/a 
district 
demographics 
st enrollment per 1000     r=.03, p=.10   
tch avg salary per 1000     r=-.09, p=.01   
district per st expenditure     r=-.08, p=.01   
st tch ratio     r=-.07,p=.01   
free/reduced lunch     r=-.03, p=.18   
st ethnicity % of white     r=.03, p=.11   
awareness of others   -0.2912313 2.823025 r=.03, p=.11 teacher survey 
sharing materials with others  -0.1416235 3.421698 r=-.02, p=.26   
sharing materials from others  0.1054315 2.096383 r=.03, p=.12   
frequency of CCS use  0.6915322 2.148102 r=.005, p=.02   
student centered customization  -0.3076306 2.211918 r=-.05, p=.03   
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comfort level in searching and using 
interactive resources  -0.4385516 2.464096 r=-.01, p=.59   
frequency of using interactive 
recourses  -0.909408 3.52864 r=-.06, p=.01   
EDG_total_pre_16item -0.0996962 2.495203 r=.52, p= .0001 
student knowledge 
assessment 
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Appendix O 
 
Correlation Table for the Student Astronomy Engagement Multiple Regression Model 
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Dependent variable Skewness Kurtosis   
AST post engagement score -0.5153 3.225   
Predictor variable Skewness Kurtosis Correlation between DV&IV Data Source 
engagement_pre_dmi   
-
0.0996962 2.495203 r=.43, p= .0001 
student engagement 
survey 
total_logins_raw 2.416044 8.179608 rho=-.01, p=.10 CCS log data 
 avg_session_length_10mins 1.352813 4.192456 rho=.02, p=.35   
interactiveresourcesir_click      rho=-.05, p=.04   
 numberofdleseitems     rho=.005, p=.83   
numberofshareditems     rho=.001, p=.97   
numberofmystuffitems     rho=-.02, p=.40   
ccs_trained     rho=-.004, p=.98 teacher demographics 
class_periods     rho =.07, p= .01   
science_degree_certification     n/a   
challenging_classes     rho=-.05,p=.02   
challenge_class_management     rho=-.04,p=.03   
sig_sp_ed_st     rho=-.04,p=.11   
sig_low_ses_st     rho=-.05, p=.04   
male_pctg     rho=-.02,p=.47   
ell_pctg      rho=-.03, p=.15   
low_reading_level_pctg     rho=-.08, p=.01   
yearsinteaching_total     rho=.01, p=.57   
yearsinteaching_es     rho= .01, p=.51   
highest_degree     rho=-.005, p=.83   
gender     pbis=-.07, t=-3.39   
ethnicity     n/a   
age     rho=.03, p=.22   
es_class_size_mi     rho=.02. p=.37   
class_control_curriculum     rho=.01, p=.52   
district     n/a district demographics 
st enrollment per 1000     r=.06, p=.01   
tch avg salary per 1000     r=-.05, p=.01   
district per st expenditure     r=-.08, p=.01   
st tch ratio     r=-.09,p=.01   
free/reduced lunch     r=-.004, p=.84   
st ethnicity % of white     r=.08, p=.01   
awareness of others   
-
0.2912313 2.823025 r=.03, p=.20 teacher pre survey 
sharing materials with others  
-
0.1416235 3.421698 r=-.07, p=.01   
sharing materials from others  0.1054315 2.096383 r=.0001, p=.99   
frequency of CCS use  0.6915322 2.148102 r=-.01, p=.69   
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student centered customization  
-
0.3076306 2.211918 r=-.02, p=.29   
comfort level in searching and using 
interactive resources  
-
0.4385516 2.464096 r=-.04, p=.05   
frequency of using interactive recourses  -0.909408 3.52864 r=-.003, p=.89   
AST_total_pre_8 items     r=.13, =.0001 
student knowledge 
assessment 
 
 
 
 
 
 	  
121 Lei	  Ye	  Emma	  Eccles	  Jones	  College	  of	  Education	  &	  Human	  Services	  Utah	  State	  University	  EDUC	  215	  2830	  Old	  Main	  Hill,	  Logan,	  UT	  84322	  435.764.2580	  –	  lei.ye@aggiemail.usu.edu	  
	  
EDUCATION	  Ph.D.,	  Instructional	  Technology	  &	  Learning	  Sciences	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  August	  2013	  Utah	  State	  University	  (USU),	  Logan,	  UT	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  Emma	  Eccles	  Jones	  College	  of	  Education	  &	  Human	  Services	  Dissertation	  Title:	  	  Integrating	  Technology,	  Curriculum,	  and	  Online	  Resources:	  A	  
Multilevel	  Model	  Study	  of	  Impacts	  on	  Science	  Teachers	  and	  Students	  	  Dissertation	  Committee:	  Mimi	  Recker	  (chair),	  Andrew	  Walker,	  Victor	  Lee,	  	  Anne	  Diekema,	  Anne	  Hunt	  	  	  M.S.L.T.,	  Second	  Language	  Teaching	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  May	  2008	  Utah	  State	  University	  (USU),	  Logan,	  UT	  	  	  B.S.,	  Psychology	  East	  China	  Normal	  University,	  Shanghai,	  China	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  June	  2000	  	  
FELLOWSHIPS	  and	  AWARDS	  Graduate	  Senate	  Enhancement	  Award,	  $4,000,	  USU	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  2012	  –	  2013	  Dissertation	  Fellowship,	  $5,000,	  USU	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  2012	  –	  2013	  	  Outstanding	  Ph.D.	  Graduate	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  2012	  –	  2013	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  USU	  Dept.	  of	  Instructional	  Technology	  &	  Learning	  Sciences	  Outstanding	  Research	  Assistant	  of	  the	  Year	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  2011	  –	  2012	  USU	  Dept.	  of	  Instructional	  Technology	  &	  Learning	  Sciences	  	  
RESEARCH	  EXPERIENCE	  
Graduate	  Student	  Researcher,	  USU	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  January	  2011	  –	  Present	  
Project:	  Collaborative	  Research:	  Understanding	  Impact:	  A	  Scaling	  and	  Replication	  Study	  of	  
the	  Curriculum	  Customization	  Service	  (NSF:	  No.	  1043858)	  Principal	  Investigator:	  Mimi	  Recker,	  Ph.D.	  	  	  	  	  	  	  	  	  	  	  	  	  	  -­‐	  Collaborated	  with	  a	  team	  of	  university-­‐based	  cognitive	  and	  learning	  science	  researchers	  and	  six	  school	  districts	  of	  varying	  sizes	  and	  characteristics.	  -­‐	  Developed	  instruments,	  conducted	  a	  pilot	  study,	  collected	  and	  analyzed	  data	  to	  understand	  digital	  library	  use	  and	  demonstrated	  the	  impact	  of	  digital	  library	  resources	  and	  technologies	  on	  teaching	  and	  learning	  at	  scale.	  	  
	  
Graduate	  Student	  Researcher,	  USU	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  August	  2010	  –	  Present	  	  
Project:	  The	  Last	  Mile:	  Linking	  K-­12	  Education	  with	  Cyber-­enabled	  Learning	  Environments	  
(NSF:	  No.	  0937630)	  Principal	  Investigator:	  Mimi	  Recker,	  Ph.D.	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RESEARCH	  EXPERIENCE	  (Continued)	  -­‐	  Conducted	  quasi-­‐experimental	  studies	  and	  used	  advanced	  modeling	  techniques	  to	  	  compare	  the	  inquiry-­‐oriented	  Technology-­‐related	  Teacher	  Professional	  Development	  models.	  -­‐	  Used	  in-­‐depth	  case	  studies	  to	  help	  explain	  quantitative	  results,	  and	  assisted	  in	  providing	  teacher	  professional	  development	  and	  user	  management.	  	  -­‐	  Utilized	  the	  web-­‐based	  teacher	  authoring	  tool,	  Instructional	  Architect	  (IA),	  and	  enhanced	  teacher	  professional	  development	  model	  to	  help	  teachers	  integrate	  National	  Science	  Digital	  Library	  (NSDL)	  resources	  with	  effective,	  inquiry-­‐oriented	  pedagogical	  practices.	  
	  
Graduate	  Student	  Researcher	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  May	  –	  August	  2011	  Utah	  State	  University	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  -­‐	  Conducted	  text	  mining	  analysis	  to	  examine	  differences	  in	  authorship,	  word	  usage,	  and	  references	  in	  full	  papers	  from	  the	  1991	  and	  2010	  International	  Conferences	  of	  Learning	  Sciences	  (ICLS)	  proceedings	  using	  Nvivo9.	  	  
Graduate	  Student	  Researcher	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  August	  2009	  –	  May	  2010	  Utah	  State	  University	  
Project:	  Learning	  Companions	  as	  Change	  Agents:	  Improving	  Girls’	  Self-­efficacy	  Beliefs	  in	  
Learning	  Math	  (NSF:	  No.	  0522634)	  Principal	  Investigator:	  Yanghee	  Kim,	  Ph.D.	  	  	  	  	  	  	  -­‐	  Developed	  animated	  pedagogical	  agents	  using	  DAZ	  Mimic	  and	  Poser	  6.0,	  including	  lip	  synchronization,	  facial	  expressions,	  and	  gestures.	  -­‐	  Collected	  and	  analyzed	  data	  to	  study	  high	  school	  students’	  mathematics	  learning	  with	  computer-­‐based	  pedagogical	  agents.	  	  
Statistical	  Expertise	  Parametric	  Statistics	  Univariate	  Statistics	  ANOVA/ANCOVA	  Correlation	  Analysis	  Multiple	  Linear	  Regression	  Models	  Logistic	  Regression	  Models	  Survival	  Analysis	  Hierarchical	  Linear	  Modeling	  (HLM)	  
Generalized	  Estimation	  Equation	  (GEE)	  Multivariate	  Statistics	  	  MANOVA/MANCOVA	  Multivariate	  Multiple	  Linear	  Regression	  Models	  Canonical	  Correlation	  Factor	  Analysis	  	  Non-­‐Parametric	  Statistics	  Chi-­‐square	  Test	  Fisher	  Exact	  Test	  Wilcoxon-­‐Mann	  Whitney	  Test	   Kruskal	  Wallis	  Test	  Wilcoxon	  Signed	  Ranks	  Test	  Friedman	  Test	  	  	  
 	  
123 Test	  Development	  and	  Survey	  Design	  Validity	  and	  Reliability	  Analysis	  Classical	  Testing	  Theory	  Item	  Response	  Theory	  Power	  Analysis	  &	  Sample	  Size	  Estimation	  	  Statistical	  Software	  Packages	  Proficient	  in	  SPSS,	  Stata	  Experienced	  with	  R,	  SAS,	  M-­‐plus	  	  
COMPUTER	  SKILLS	  Operation	  Systems:	  Microsoft	  Windows	  &	  Mac	  OS	  	  Multimedia	  Design	  &	  Development:	  Photoshop,	  Flash,	  Vegas,	  Audacity	  Distance	  Education/LMS:	  Blackboard,	  Canvas,	  Moodle,	  Adobe	  Connector	  Data	  Management/Analysis:	  Filemaker,	  Nvivo	  	  
GRANT	  WRITING	  EXPERIENCE/TRAINING	  -­‐	  Collaborated	  in	  preparing	  for	  the	  Open	  Educational	  Resource	  Assessments	  (OPERA)	  funding	  proposal	  (submitted	  to	  NSF).	  -­‐	  Attended	  “Write	  Winning	  Grant	  Proposals”	  and	  received	  training	  on	  the	  organizational	  structures	  of	  the	  major	  federal	  funding	  agencies,	  how	  priority	  scores	  are	  calculated,	  understanding	  facilities	  and	  administrative	  (indirect,	  overhead)	  cost,	  and	  how	  to	  analyze	  a	  critique	  in	  anticipation	  of	  a	  resubmission.	  
	  
UNIVERSITY	  TEACHING	  EXPERIENCE	  
Teacher	  Professional	  Development	  Trainer	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  October	  2010	  –	  May	  2011	  The	  Instructional	  Architect	  Research	  Team	  -­‐	  Partnered	  with	  the	  research	  team	  to	  conduct	  middle	  school	  teacher	  professional	  development	  regarding	  technology	  integration.	  	  
Teaching	  Assistant	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  January	  –	  May	  2010	  Utah	  State	  University	  	  
Graduate	  course:	  Instructional	  Design	  Process	  I	  (3-­credit	  online	  course)	  -­‐	  Assisted	  in	  preparing	  instructional	  materials	  (e.g.,	  lecture	  power	  point	  presentations,	  quizzes).	  -­‐	  Supported	  course	  management	  through	  Blackboard.	  	  
Instructor	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  September	  2007	  –	  May	  2008	  Utah	  State	  University	  	  
Undergraduate	  course:	  Beginner	  level	  Chinese	  Language	  &	  Culture	  I	  &	  II	  (5-­credit	  f2f	  
course)	  -­‐	  Planned	  and	  delivered	  the	  course	  including	  instructional	  design	  and	  development,	  classroom	  teaching,	  and	  learning	  assessments	  and	  evaluation.	  -­‐	  Coordinated	  the	  language	  partner	  program.	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K-­12	  TEACHING	  EXPERIENCE	  
Language	  &	  Culture	  Teacher	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  August	  2008	  –	  May	  2009	  Sponge	  School	  (Seattle,	  WA)	  -­‐	  Taught	  Chinese	  language	  and	  culture	  to	  K-­‐5	  kids	  in	  the	  language	  learning	  center	  and	  elementary	  schools	  (after-­‐school	  club).	  
	  
High	  School	  Teacher	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  	  September	  2000	  –	  June	  2002	  Shanghai	  NO.	  60	  High	  School	  (Shanghai,	  China)	  -­‐	  Taught	  psychology	  and	  politics	  in	  the	  public	  high	  school.	  
	  
PUBLICATIONS	  Recker,	  M.,	  Sellers,	  L.,	  &	  Ye,	  L.	  (2013).	  Teacher	  design	  using	  online	  learning:	  A	  comparative	  case	  study	  of	  science	  and	  mathematics	  teachers.	  Educational	  
Research	  International.	  doi:10.1155/2013/243248.	  	  
Ye,	  L.,	  Walker,	  A.,	  Recker.	  M.,	  Robertshaw,	  M.	  B.,	  Sellers,	  L.,	  &	  Leary,	  H.	  (2012).	  Designing	  for	  problem-­‐based	  learning:	  A	  comparative	  study	  of	  technology	  professional	  development.	  US-­China	  Education	  Review	  B,	  5,	  510–520.	  Walker,	  A.,	  Recker,	  M.,	  Ye,	  L.,	  Robertshaw,	  B.,	  Sellers,	  L.,	  &	  Leary,	  H.	  (2012).	  Comparing	  technology-­‐related	  teacher	  professional	  development	  designs:	  A	  multilevel	  study	  of	  teacher	  and	  student	  impacts.	  Educational	  Technology	  
Research	  &	  Development,	  60(3),	  421–444.	  Walker,	  A.,	  Recker,	  M.,	  Robertshaw,	  B.,	  Olsen,	  J.,	  Leary,	  H.,	  Ye,	  L.,	  &	  Sellers,	  L.	  (2011).	  Integrating	  technology	  and	  problem-­‐based	  learning:	  A	  mixed	  methods	  study	  of	  two	  teacher	  professional	  development	  approaches.	  Interdisciplinary	  
Journal	  of	  Problem-­based	  Learning,	  5(2),	  70–94.	  
PUBLICATIONS	  UNDER	  REVIEW/IN	  PREPARATION	  Xu,	  B.,	  Recker,	  M.,	  Qi,	  X.,	  Flann,	  N.,	  &	  Ye,	  L.	  (under	  review).	  Clustering	  educational	  digital	  library	  usage	  data:	  A	  comparison	  of	  latent	  class	  analysis	  and	  K-­‐means	  algorithms.	  Manuscript	  submitted	  to	  Journal	  of	  Educational	  Data	  Mining.	  Lee,	  R.	  V.,	  Ye,	  L.,	  &	  Recker,	  M.	  (abstract	  accepted).	  Reconstructing	  the	  influences	  on	  and	  focus	  of	  the	  learning	  sciences	  from	  the	  field's	  published	  conference	  proceedings.	  Book	  chapter	  in	  preparation	  for	  M.	  A.	  Evans,	  M.	  J.	  Packer,	  &	  R.	  K.	  Sawyer,	  (Eds.),	  The	  Learning	  Sciences:	  Mapping	  the	  Terrain.	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Ye,	  L.,	  Walker,	  A.,	  Leary,	  H.,	  Recker,	  M.,	  Devaul,	  H.,	  Butcher,	  K.	  R.,	  &	  Sumner,	  T.	  (in	  preparation).	  Integrating	  technology,	  curriculum,	  and	  online	  resources:	  A	  multilevel	  model	  study	  of	  impacts	  on	  science	  teachers	  and	  students.	  Manuscript	  in	  preparation	  for	  American	  Educational	  Research	  Journal.	  
CONFERENCE	  PRESENTATIONS	  
Ye,	  L.,	  Walker,	  A.,	  Leary,	  H.,	  Recker,	  M.,	  Devaul,	  H.,	  Butcher,	  K.	  R.,	  &	  Sumner,	  T.	  (2013,	  April).	  Integrating	  technology,	  curriculum,	  and	  online	  resources:	  A	  multilevel	  model	  study	  of	  impacts	  on	  science	  teachers	  and	  students.	  Paper	  presented	  at	  the	  annual	  meeting	  of	  the	  American	  Educational	  Research	  Association	  Conference,	  San	  Francisco,	  CA.	  Recker,	  M.,	  Yuan,	  M.,	  Ye,	  L.,	  Qiao,	  H.,	  &	  Sellers,	  L.	  (2013,	  April).	  CrowdTeaching:	  Supporting	  teachers	  as	  designers.	  Paper	  presented	  at	  the	  annual	  meeting	  of	  the	  American	  Educational	  Research	  Association	  Conference,	  San	  Francisco,	  CA.	  Lee,	  V.	  R.,	  Ye,	  L.,	  &	  Recker,	  M.	  (2012).	  What	  a	  long	  strange	  trip	  it’s	  been:	  A	  comparison	  of	  authors,	  abstracts,	  and	  references	  in	  the	  1991	  and	  2010	  ICLS	  Proceedings.	  In	  J.	  van	  Aalst,	  K.	  Thompson,	  M.	  J.	  Jacobson,	  &	  P.	  Reimann	  (Eds.),	  The	  Future	  of	  Learning:	  Proceedings	  of	  the	  10th	  International	  Conference	  of	  
the	  Learning	  Sciences	  (ICLS	  2012)	  (Vol.	  2,	  pp.	  172–176).	  Sydney,	  NSW,	  Australia:	  International	  Society	  of	  the	  Learning	  Sciences.	  Recker,	  M.,	  Sellers,	  L.,	  Ye,	  L.,	  &	  Robertshaw,	  B.	  (2012,	  April).	  Investigating	  impacts	  of	  technology-­‐related	  teacher	  professional	  development	  designs:	  A	  comparative	  case	  study.	  Paper	  presented	  at	  the	  American	  Educational	  Research	  Association	  Conference,	  Vancouver,	  BC,	  Canada.	  Walker,	  A.,	  Recker,	  M.,	  Ye,	  L.,	  Robertshaw,	  B.,	  Sellers,	  L.,	  &	  Leary,	  H.	  (2012,	  April).	  Comparing	  technology-­‐related	  teacher	  professional	  development	  designs:	  A	  multilevel	  study	  of	  teacher	  and	  student	  impacts.	  Paper	  presented	  at	  the	  annual	  meeting	  of	  the	  American	  Educational	  Research	  Association,	  Vancouver,	  BC,	  Canada.	  Sellers,	  L.,	  Ye,	  L.,	  Robertshaw,	  B.,	  Recker,	  M.,	  &	  Walker,	  A.	  (2011,	  November).	  A	  closer	  look	  at	  technology	  integrated	  professional	  development:	  A	  case	  study	  of	  junior	  high	  school	  science	  and	  mathematics	  teachers.	  Paper	  presented	  at	  the	  annual	  meeting	  of	  the	  Association	  for	  Educational	  Communications	  and	  Technology,	  Jacksonville,	  FL.	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  A.,	  Recker,	  M.,	  Robertshaw,	  B.,	  Olsen,	  J.	  A.,	  Sellers,	  L.,	  Leary,	  H.,	  Kuo,	  Y.,	  &	  
Ye,	  L.	  (2011,	  April).	  Designing	  for	  problem	  based	  learning:	  A	  comparative	  study	  of	  technology	  professional	  development.	  Paper	  presented	  at	  the	  annual	  meeting	  of	  the	  American	  Educational	  Research	  Association,	  New	  Orleans,	  LA.	  
PROFESSIONAL	  ORGANIZATIONS	  American	  Educational	  Research	  Association	  (AERA)	  	  Association	  for	  Educational	  Communications	  and	  Technology	  (AECT)	  
	  
INSTITUTIONAL	  SERVICES	  USU	  ITLS	  Department	  Search	  &	  Hiring	  Committee	  	  	  	  	  	  	  	  	  	  	  	  August	  2011	  –	  May	  2012	  	  
